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The Asian Development Bank COVID-19 Policy Database recently added an
entry on sector ﬁnancial balances (SFBs). This addition to the policy database
provides information for 35 economies on the ﬁnancial positions of the private
sector, government sector, and the rest of the world, which by construction add
up to 0. Data used to calculate SFBs are obtained directly from ﬂow-of-funds
accounts. When this source is not available, we obtain data from the national
accounts. We use SFBs to understand why the private sector balance moved
into a large surplus in 2020. We argue that this surplus is a mirror image of the
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I.

Introduction

The Asian Development Bank (ADB) COVID-19 Policy Database compiles
policy actions of governments in response to the coronavirus disease (COVID-19)
pandemic and categorizes these actions according to their differences in operational
details and ﬁnancial statement effects. Financial statement effects either create more
debt or equity for the recipient, which also entails transfers of ﬁnancial risks.
This paper is a follow up on Felipe and Fullwiler (2020), which provided an
introduction to the database. It introduces an important addition to the database
implemented in 2021—information on the ﬁnancial positions of the three main
sectors of the economy, that is, private, government, and the rest of the world (i.e.,
current or capital account), for 35 economies. This information appears under the
entry “Sector Financial Balances” (https://covid19policy.adb.org/sector-ﬁnancialbalances).
The paper is structured as follows. Section II introduces the sector ﬁnancial
balances (SFBs) approach and how this approach can be used to assess how the
pandemic and government policies have affected the three main sectors, particularly
the domestic private sector. Section III then decomposes the changes in the private
sector into subsectors—households, nonﬁnancial ﬁrms, and the ﬁnancial sector.
A discussion follows in Section IV of what it means if the private sector balance
improves due to a government deﬁcit. Lastly, in Section V, we further analyze the
domestic private sector’s ﬁnancial position by looking at changes in leverage and
ﬁnancial survival constraint measures.

II.

SFBs and Flow-of-Funds Accounts

From basic accounting principles, one person’s spending is another person’s
income. Applying this in an economy, ﬁnancial ﬂows comprise a closed system. It is
not possible, for instance, for every country to have a current account surplus; if one
country has a current account surplus, then at least one other country has a current
account deﬁcit. Equivalently, if one sector of an economy has a surplus, at least one
other sector must be in deﬁcit.
Using annual and quarterly ﬂow-of-funds reports from various economies, the
database provides information on the SFBs for nonﬁnancial businesses (hereafter,
ﬁrms), the ﬁnancial sector, the household sector, the government, and the capital
account balance (the net ﬁnancial position of the rest of the world vis-à-vis
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the economy). The following simple identities deﬁne the SFBs and their ﬂow-offunds-based relationships to one another:
Domestic private balance  Household sector balance þ Firm sector balance
þ Financial sector balance,

ð1Þ

Government balance
 Tax revenues  Government spending (including debt service),

ð2Þ

Capital account balance  Current account balance,

ð3Þ

Domestic private balance þ Government sector balance
þ Capital account balance  0:

ð4Þ

In computing SFBs, ﬂow-of-funds and national accounts can both be used.1 The
ﬂow-of-funds approach provides a direct way of computing the sector balances since
ﬂow-of-funds accounts already provide measures on net acquisition of ﬁnancial
assets (i.e., changes in ﬁnancial assets less changes in ﬁnancial liabilities) for all
sectors including the external sector (e.g., current account). The ﬂow-of-funds
approach further allows decomposition of the private sector balance into household,
ﬁrms, and the ﬁnancial sector balances. The national accounts approach of
computing sector balances involves using ﬁgures for government balance (GB)
and current account balance (CA) and the identity DPB  CA  GB to derive
domestic private balances (DPB).
Of the 35 economies whose SFB information is in the ADB COVID-19 Policy
Database, data for 22 of the economies derive directly from the ﬂow-of-funds
accounts, while for the other 13 economies, the SFBs identity is constructed from

1Flow-of-funds accounts are produced by national statistics or central banks and supplement
national accounts in measuring economic activity across economic sectors. These are the important
differences between ﬂow-of-funds and national income accounts (see Barbosa-Filho (2018) for a detailed
discussion):

(i) National income accounts do not collect data on ﬁnancial transactions, but ﬂow-of-funds accounts do.
Financial transactions include borrowing, lending, or changes in cash balances.
(ii) National income accounts present current ﬂow of ﬁnal expenditure, output, and income and do not show
intermediate transactions. On the other hand, ﬂow-of-funds accounts may capture intermediate intersectoral
transactions and transactions involving assets generated in past periods.
(iii) In ﬂow-of-funds accounts, all sectors can save and invest; however, in national income accounts, consumer
durable expenditures are considered current expenditure and not an investment activity.
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Figure 1.

Sector Financial Balances of the Republic of Korea, Q1 2009–Q2 2020

GDP ¼ gross domestic product, Q ¼ quarter.
Note: Sector ﬁnancial balances were computed for each sector using ﬂow-of-funds data.
Source: Authors’ calculations based on the Republic of Korea’s ﬂow-of-funds data from CEIC (accessed February
1, 2021).

the national accounts.2 It is worth noting that the information on the external sector
(current account) calculated using either approach will differ in general from the
external sector information that comes from the balance-of-payments accounts.
To illustrate the SFBs accounting identity, we use the Republic of Korea (ROK)
as an example. Figure 1 shows SFBs using equation (4) for the ROK during 2009–
2020. As equation (4) shows, the sum of the SFBs is 0 (ﬁnancial ﬂows are a closed
system), thus the three SFBs generate mirror images above and below 0 in every
quarter in the ﬁgure. It is clear that the SFBs drastically changed during the onset of
the COVID-19 crisis from the ﬁrst quarter (Q1) to Q2 2020. The previous quarters
before the crisis were mostly characterized by government surpluses, domestic private
sector surpluses, and capital account deﬁcits (current account surpluses). In 2020,
however, the government incurred large deﬁcits averaging 6.9% of gross domestic

2Economies with ﬂow-of-funds data: Austria, Australia, Belgium, Canada, Denmark, Finland,
France, Germany, Ireland, Italy, Japan, Luxembourg, the Netherlands, Norway, Portugal, the Republic of
Korea, Spain, Sweden, Switzerland, Turkey, the United Kingdom, and the United States. Economies where
sectoral balances are derived from the national accounts: Armenia; Georgia; Kazakhstan; Hong Kong,
China; Mongolia; the People’s Republic of China; India; Indonesia; the Philippines; Singapore; Thailand;
the Russian Federation; and South Africa.
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Figure 2.

Sector Financial Balances Map

CA ¼ current account balance, DPB ¼ domestic private balance, GB ¼ government balance.
Source: Authors’ illustration based on Parenteau (2010).

product (GDP), and the domestic private sector had surpluses averaging 8.3% of GDP.
This historically large government deﬁcit is a deviation from the ROK’s typical pattern
of consistent current account surpluses mirrored by domestic private sector surpluses,
with the government’s budget position mostly in surplus but also often a residual of the
net of the other two sector balances.
A useful way to visualize the inherent interactions of the SFBs is in Figure 2,
which presents two axes and a bisecting line that together generate the sector ﬁnancial
balances map (SFBM).3 The horizontal axis is the CA and the vertical axis is the GB.
The diagonal dotted line bisects the graph through the origin—the DPB is 0 on every
point along this line. For the SFBM, it is useful to substitute the negative of the CA
from equation (3) into equation (4) and then rearrange as follows:
Domestic private balance  Current account balance
 Government sector balance:

ð5Þ

Using the abbreviations in the ﬁgure, equation (5) becomes
DPB  CA  GB:

3The

SFBM originally appeared in Parenteau (2010).

ð6Þ
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Figure 3.

Sector Financial Balances Map of the Republic of Korea, 2009–2020

GDP ¼ gross domestic product, Q ¼ quarter.
Source: Authors’ calculations using data from CEIC (accessed February 1, 2021).

Figure 2 visually represents the logic of equations (5) and (6): the area to the
northwest of the DPB ¼ 0 line is where DPB < 0 since CA < GB, while the area to
the southeast of DPB ¼ 0 is where DPB > 0 since CA > GB.
Figure 3 plots the quarterly SFBs of the ROK for the period 2009–2020 in the
SFBM. For most of 2009–2019, the ROK had a combination of government surplus,
current account surplus, and domestic private sector surplus. However, in the ﬁrst two
quarters of 2020, the ROK incurred signiﬁcantly high government deﬁcits and had
smaller current account surpluses, in contrast to the previous years when the ROK had
persistently large current account surpluses.
Figure 4 presents the SFBs of more economies for Q4 2019 and Q2 2020 using
the SFBM. In Q4 2019, a majority of the economies had a domestic private sector
surplus and a current account surplus. In Q2 2020, these economies moved southwest
on the map, which corresponds to a higher government deﬁcit, higher domestic private
surplus, and small or negative current account surplus. As shown in Table 1,
government deﬁcit for these economies averaged 12.37% in Q2 2020 compared to
1.37% in Q4 2019. This was expected after economies released economic packages to
support the private sector. The governments’ deﬁcits are the private sectors’ surpluses.
Figure 5 shows the SFBs of selected economies whose current account surpluses
normally drive the domestic private sector. In 2020, these countries switched to the
government sector driving the domestic private sector.

THE ADB COVID-19 POLICY DATABASE 7
Figure 4.

Sector Financial Balances Map, Selected Economies (% of GDP)

GDP ¼ gross domestic product, Q ¼ quarter.
Source: Authors’ calculations using ﬂow-of-funds data from Eurostat (2021) and CEIC, except for Hong Kong,
China; India; Indonesia; the Philippines; the Russian Federation; Singapore; South Africa; and Thailand, which
were estimated using national accounts data (accessed February 1, 2021).
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Table 1.

Q4 2019
Q1 2020
Q2 2020

Average Sector Financial Balances
(% of GDP)
DPB

Government

CA

3.90
1.3
13.71

1.37
2.2
12.37

2.52
0.9
1.35

CA ¼ current account balance, DPB ¼ domestic
private sector balance, GDP ¼ gross domestic
product, Q ¼ quarter.
Note: Data include economies listed in Figure 4.
Source: Authors’ calculations using ﬂow-of-funds
data from Eurostat (2021) and CEIC, except for Hong
Kong, China; India; Indonesia; the Philippines; the
Russian Federation; Singapore; South Africa; and
Thailand, which were estimated using national
accounts data (accessed February 1, 2021).

Countries tend to pursue different macroeconomic policy mixes that result in a
typical signature pattern of SFBs. These patterns may be driven by ﬁscal rules, trade
policies, or overall economic growth trends. Figure 6 illustrates the patterns for India,
Indonesia, and Germany. The ﬁrst chart for each country shows the ﬁnancial balances
for all three sectors, while the second chart shows only the balances for the two sectors
that contribute most to the mirror-image nature of the three balances.
Figure 6 shows that the path of India’s sector balances is dominated by the
private sector and government sector balances since they move in near mirror image
with one another. Unlike India, the pattern in Indonesia is one of persistent
government deﬁcits that are nearly mirrored by current account deﬁcits, leaving
domestic private sector balances near 0. Germany, on the other hand, has a pattern
similar to that of the ROK (Figure 1), with persistent domestic private sector surpluses
that are nearly mirrored by large current account surpluses.

III. Decomposing the Domestic Private Sector Balance
Most countries saw a signiﬁcant increase in their domestic private sector
balances during the early stages of the pandemic. However, it is critical to understand
which parts of the domestic private sector experienced the increase. The sector
balances of the ﬁrms, households, and ﬁnancial sector are available in the ﬂow-offunds data. The sum of the balances of these three subsectors is the total domestic
private sector balance. It is important to note that transactions across these three
subsectors do not affect the total domestic private sector balance.
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Figure 5. Sector Financial Balances, Selected Economies, Q1 2018–Q2 2020 (% of GDP)

GDP ¼ gross domestic product, Q ¼ quarter.
Source: Authors’ calculations using data from CEIC (accessed February 1, 2021) and Eurostat (2021).

Figure 7 shows the decomposition of the domestic private sector balances of
Germany, the ROK, and the United Kingdom (UK). The household sectors in these
countries usually have positive balances, while the ﬁrm sector is either negative or
alternates between positive and negative balances. In all three countries, the household
sectors had signiﬁcantly higher positive balances in 2020 compared to its usual balances
in the past years. In Q1 and Q2 2020, the ROK’s household sector had an average
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surplus equivalent to 14.1% of GDP. This represents a signiﬁcant increase from 2019
when the household sector surplus averaged 4.7% of GDP. The ﬁrm sector in the ROK
had a higher deﬁcit in the ﬁrst half of 2020 averaging 6.2% of GDP compared to 3.1% in
2019. Meanwhile, no signiﬁcant change is seen for the ﬁnancial sector.
Decomposing domestic private sector balances using available ﬂow-of-funds
data reveals a consistent pattern for the economies shown in Table 2: all economies
experienced a signiﬁcant increase in household sector surplus in the ﬁrst half of 2020.
This can be explained either by a decline in spending or an increase in income in the
household sector. Government-imposed lockdowns and quarantines and expectations
of recessions may have lowered household expenditures. On the other hand,
governments have implemented economic measures to maintain or increase household
income, including tax cuts, moratoria, subsidies, grants, and aids, which are under
Measure 05 of the ADB COVID-19 Policy Database.

Figure 6.

Sector Financial Balances of India, Indonesia, and Germany

Continued.
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Figure 6. Continued.

Source: Authors’ calculations using data from CEIC with seasonal adjustment for India and Indonesia and
Eurostat for Germany (2021).
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Figure 7.

Domestic Private Sector Balances, Selected Countries, Q1 2009–Q2 2020

GDP ¼ gross domestic product, Q ¼ quarter.
Source: Authors’ calculations using ﬂow-of-funds data from CEIC (accessed February 1, 2021) and Eurostat
(2021).

The domestic private sector balance has been a reliable indicator of ﬁnancial
fragility in several countries.4 Financial fragility refers to a worsening ﬁnancial
position of a household, ﬁrm, bank, government, or sector of the economy in terms of

4Refer to Chapters 11 and 12 of the Asian Development Bank (2019) for a discussion in the
Indonesian context.
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Table 2. Average Household and Firm Sector
Balances, Selected Countries (% of GDP)
Households

Firms

Country

2019

2020

2019

2020

Republic of Korea
Spain
United Kingdom
Germany
France
United States
Netherlands
Italy
Japan
Portugal

4.7
1.2
0.1
5.6
2.6
5.0
2.6
1.2
2.8
1.4

14.1
13.7
10.9
10.6
9.9
9.2
8.4
7.8
6.1
5.6

3.1
1.6
1.1
2.4
0.5
1.4
4.9
0.7
3.2
2.6

6.2
1.5
0.4
1.2
3.1
1.7
3.4
2.2
3.6
4.8

GDP ¼ gross domestic product, Q ¼ quarter.
Note: 2020 includes only Q1 and Q2 data.
Source: Authors’ calculations using ﬂow-of-funds data from
CEIC (accessed February 1, 2021) and Eurostat (2021).

the ability of its cash inﬂows to service payment obligations, particularly those related
to debt. The degree of ﬁnancial fragility, in turn, affects the economy’s risk of ﬁnancial
instability, whether because of greater sensitivity to shocks that affect the economy or
from interactions of rising ﬁnancial fragility itself with the state of the economy and/or
macroeconomic policy.5

IV. What Does It Mean if the Private SFB Improves Due to a
Government Deﬁcit?
In the United States (US), increased government transfers and tightened
consumer spending resulted in a spike in personal saving in 2020. A recent essay by a
Federal Reserve Bank of St. Louis economist shows that net government transfers for
Q2 2020 increased by 16.7% compared to the same quarter in 2019, while personal
consumption expenditures declined by 9.3% (Vandenbroucke 2021, 2). The essay
concludes with a chart identical to Figure 8 showing time series data for personal

5To be clear, there is no pure accounting link between a negative private sector balance and rising
ﬁnancial fragility. For instance, a negative private sector balance resulting from, say, ﬁrm and ﬁnancial
sector equity issuance, or from the fact that one or more of the subsectors were spending by simply
reducing excess cash balances, would be less likely to accompany a signiﬁcant rise in ﬁnancial fragility.

14 ASIAN DEVELOPMENT REVIEW
Figure 8.

Personal Saving and Net Federal Government Saving, United States, 1947–2020

GDP ¼ gross domestic product.
Source: Authors’ calculations using United States’ Flow-of-Funds Accounts at https://www.federalreserve.gov/
releases/z1/ (accessed February 1, 2021).

saving (essentially household saving) and net federal government saving, both as a
percentage of GDP, noting that the two mirror each other. This observation leads the
author to claim, “If U.S. households recognize that their government beneﬁts will raise
government debt and their future taxes, then they may have rationally decided to save
most or all of those beneﬁts to pay those future taxes” (Vandenbroucke 2021, 3).
Economists will recognize this argument as an application of the theory of Ricardian
Equivalence, whereby the private sector saves proceeds from an increase in the
government deﬁcit in anticipation of paying for an increase in future taxes.
As this paper has already shown, however, the relationship between government
and private sector ﬁnancial positions is an accounting identity, not something that must
be explained using models. Thus, the appropriate place for explaining or discussing
macroeconomic outcomes is after recognizing the underlying accounting identity. The
accounting identity for SFBs obviously holds for the US—as Figure 9 conﬁrms—just
as it does for every country. The household data in Figure 8 are simply a subset of the
private sector data in Figure 9; likewise, the federal government data in Figure 8 are a
subset of the total government sector data in Figure 9. Consequently, the large
government deﬁcits of 2020, particularly in the second quarter, are necessarily
accompanied by an equal-sized increase in the sum of the private sector balance and
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Figure 9.

Sector Financial Balances, United States, Q1 1952–Q4 2020

GDP ¼ gross domestic product.
Source: Authors’ calculations using United States’ Flow-of-Funds Accounts at https://www.federalreserve.gov/
releases/z1/ (accessed February 1, 2021).

the current account deﬁcit. In this case, while both increased, the private sector balance
increased more.6
Unlike the ROK, the US private sector balance tends to mirror the GB, not the
capital account. This is largely obvious from casual observation of Figure 9. Figure 10
isolates the federal government portion of the GB and compares it with the private
sector balance, further illustrating the historical mirroring relationship. One could
predict from this relationship that the government’s deﬁcits in 2020 would mostly raise
the private sector’s balance.
On the other hand, historical data of the components of the private sector balance
shown in Figure 11 would not necessarily suggest that the household portion of the
private sector balance would dominate as it did in 2020. While previous large declines

6The personal saving data in Figure 8 use national income and product accounts, whereas the data
in Figures 9–11 are from ﬂow-of-funds accounts. As explained above, the two are not the same. For
instance, personal saving is deﬁned by the Bureau of Economic Analysis as “equal to personal income less
personal outlays and personal taxes; it may generally be viewed as the portion of personal income that is
used either to provide funds to capital markets or to invest in real assets such as residences” (Bureau of
Economic Analysis 2020, 2–7). Personal saving is thus a measure of unspent, after-tax income. Note,
though, that personal saving is blind by design to any sources of funds for personal outlays and personal
taxes except for personal income (such as borrowing, withdrawals from savings accounts, and asset sales),
and also blind by design to different uses of personal saving (such as increased deposit accounts,
investments in equity or bond markets, or debt reduction). The household subsector balance within the
private sector balance of the ﬂow-of-funds accounts is the change in the subsector’s ﬁnancial assets less the
change in its liabilities—it is thus inclusive of changes in all sources and all uses of funds. Neither measure
is inherently “better” or “worse” than the other, much like how a business income statement does not
provide inherently better or worse information than its cash-ﬂow statement.
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Figure 10. Private Sector and Federal Government Balances, United States,
Q1 1952–Q4 2020

GDP ¼ gross domestic product, Q ¼ quarter.
Source: Authors’ calculations using United States’ Flow-of-Funds Accounts at https://www.federalreserve.gov/
releases/z1/ (accessed February 1, 2021).

in the federal GB, most notably during recessions (vertical columns in Figures 10
and 11), routinely accompanied signiﬁcant increases in the household portion of the
private sector balance, increases in the ﬁrm sector’s balance were just as routine. The
2020 government deﬁcit, however, did not bring a similar increase in the ﬁrm sector
balance as it did in previous recessions.
Figure 11.

Private Subsectors’ Balances, United States, Q1 1952–Q4 2020

GDP ¼ gross domestic product, Q ¼ quarter.
Source: Authors’ calculations using United States’ Flow-of-Funds Accounts at https://www.federalreserve.gov/
releases/z1/ (accessed February 1, 2021).
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Table 3 further illustrates this same point by presenting changes in the US federal
GB in the periods with signiﬁcant peak-to-trough swings—all coinciding with
recessions, as is visible in Figures 10 and 11—since 1974, alongside changes during
these same periods in the private sector balance, broken down by households, ﬁrms,
and ﬁnancial sectors. In particular, prior to 2020, the nearly 40-year historical record
shows that the ﬁrm balance on average rises more than the household subsector balance
(3.51 percentage point increase for the ﬁrm subsector compared to a 2.3 percentage
point increase for the household subsector). By contrast, while the Q4 2019–Q2 2020
period shows a historically large rise in the household subsector balance, the ﬁrm
subsector balance declined for the ﬁrst time (by 0.69 percentage points).
In other words, whereas the private sector balance increased with the fall in
the government sector balance during Q4 2019–Q2 2020—as necessitated by the
accounting identity absent a rise in the CA—what is surprising is not that the
household subsector balance increased but rather that its rise accounted for all of
the rise in the private sector balance. In all previous peak-to-trough swings, the ﬁrm
subsector balance had also increased, usually by more than the household subsector.
During Q4 2019–Q2 2020, however, the ﬁrm subsector balance declined. Note that
this contradicts Vandenbroucke’s Ricardian Equivalence-based interpretation of the
rise in household personal saving since, if true, it should apply also to the behavior of
ﬁrms. That is, Vandenbroucke gives no explanation for why only households should
expect higher taxes in the future and not ﬁrms as well. As such, his argument provides
no rationale for why households would save more in response to a deﬁcit and why
ﬁrms would instead do the opposite, particularly given that expected forgiveness in
Payroll Protection Program loans to businesses is a signiﬁcant contributor to multiple
rounds of the ﬁscal response to COVID-19.7
If households were not saving government transfers in anticipation of higher
taxes in the future, why did they save more? Table 4 presents monthly changes in
household income, saving, spending, and employment from February 2020 to
December 2020 compared to 12 months earlier, as an attempt to isolate COVID-19related differences. Column A shows the changes in government transfers, which
peaked in April 2020 due mostly to the direct payments and additional unemployment
beneﬁts provided by the CARES Act. Thereafter, the rise in transfers tapers off until
falling by nearly half in August 2020, and then continues to decline during the last
quarter of the year. Disposable income in column B follows a similar pattern of

7In Figure 7, a similar decline occurs in the ﬁrm sector balance in 2020 for the ROK and Germany,
although both the household and ﬁrm sector balances increased in the UK.

2020 a

1975
1983
1992
2003
2009

Private Sector
Balance
7.67
5.60
2.78
6.00
10.48
6.52
7.71

Federal
Government Balance
6.27
4.57
2.37
6.15
8.49
5.57
20.06
2.81
2.08
1.55
0.42
4.63
2.30
8.07

Household
Subsector Balance
4.90
4.06
1.51
2.90
4.20
3.51
0.69

Firm Subsector
Balance

0.04
0.56
0.28
1.67
1.64
0.49
0.32

Financial Subsector
Balance

Federal Government Balance, Private Sector Balance, and Private Subsectors’ Balances as Shares of GDP,
United States during Peak-to-Trough Swings (Average change, percentage of GDP)

GDP ¼ gross domestic product, Q ¼ quarter.
a The state or local government balance as a share of GDP increased by 9.35 percentage points between Q4 2019 and Q2 2020. The change
in the total government sector balance as a share of GDP was 10.71 percentage points for this period.
Source: Authors’ calculations using United States’ Flow-of-Funds Accounts at https://www.federalreserve.gov/releases/z1/ (accessed
February 1, 2021).

Q2 1974–Q2
Q2 1979–Q1
Q1 1989–Q3
Q2 2000–Q3
Q4 2006–Q3
Average
Q4 2019–Q2

Period

Table 3.
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10.7
16.4
290.9
196.8
151.3
145.6
82.3
79.3
58.4
47.5
54.0

52.5
26.7
233.0
158.2
134.4
139.9
84.2
91.3
76.1
48.8
57.2

35.9
5.8
51.3
28.3
11.9
2.8
2.6
8.3
10.2
9.8
11.7

2.4
0.6
20.3
17.6
12.9
11.3
10.0
9.5
9.0
8.9
9.3

53.4
41.0
194.3
110.6
45.1
32.3
21.1
7.5
9.2
18.3
26.7

Employment
(F)

1.0
69.9
432.3
276.7
188.1
180.3
113.1
105.1
92.6
75.6
93.5

Wages and Salaries
(E)

Million

Consumption
(D)

$ Billion

Personal Saving
(C)

Source: Authors’ calculations using United States National Income and Product Accounts at https://fred.stlouisfed.org/tags/series?t=bea%3Bnipa (accessed
February 1, 2021).

February
March
April
May
June
July
August
September
October
November
December

Disposable Personal Income
(B)

Household Income, Saving, Spending, and Employment, United States, 2020 (Change from 12 months earlier)

Government Transfers
(A)

Table 4.
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increases and decreases, although the April and May 2020 increases are about 20–25%
smaller than the increases in government transfers. Personal saving (column C) also
follows a similar pattern except that its increases are larger than the rise in government
transfers (44% larger than transfers on average, in fact, for April through December
2020).
This much larger rise in personal saving obviously suggests that households have
a motivation beyond saving transfers to pay taxes later or simply putting aside
additional income they do not need. The decline in consumption in column D follows
a pattern mirroring the rise in government transfers, but of a much smaller magnitude
than the transfers: the consumption spending declines in April and May 2020, for
instance, are 33% and 44% smaller than the increases in government transfers,
respectively (the average for April through December 2020 is a 35% smaller decline in
consumption relative to the rise in government transfers). In other words, households
were saving considerably more than the rise in transfers, while reducing consumption
less than the rise in transfers.
Columns E and F provide some explanation for this. Between April and July
2020, wages and salaries received by households were lower than 12 months earlier,
with the largest declines in April and May. Likewise, 20 million jobs were lost in
April, with only 11 million regained by the end of December 2020. Households clearly
had reasons to be concerned about their future labor income and to increase
precautionary saving.
Table 5 provides additional rationale for the rise in personal saving and fall in
consumption. The ﬁrst three columns show quarterly changes from 12 months earlier
in the three consumption categories—durables, nondurables, and services. All three
declined in Q2 2020, but it is clear that the decline in services throughout the year,
starting in March, is driving the fall in consumption spending. The ﬁnal ﬁve columns
of Table 5 show four of the major subcategories of spending on services—health-care
services, transportation services, recreational services, and food services and
accommodations—and the total across all four subcategories. The total shows that
the decline in services consumption is roughly the same as the decline in spending in
the four subcategories. It is well known that each of these four subcategories were
greatly affected by COVID-19-related restrictions, lockdowns, and so forth.8 In short,
in addition to the precautionary reasons for reducing consumption, households further
8As Coombs (2020) reports, “State and federal ofﬁcials ordered hospitals and physicians to curtail
nonemergency care last month [March 2020] to focus on responding to coronavirus cases and to reduce the
risk of patient infections in doctors’ ofﬁces. Despite a surge in the use of telemedicine, the massive
pullback in services late in the quarter hit the healthcare sector hard, with hospitals, outpatient surgical
centers and doctor’s ofﬁces all reporting big losses and cutting jobs as revenues dried up.”

2020
2020
2020
2020

1
14
50
49

34
25
29
25

Nondurables
33
311
140
128

Services

Transportation
Services
4
48
32
32

Health-Care
Services
1
110
22
13

9
72
47
46

Recreational
Services

13
96
46
49

Food Services and
Accommodations

Consumer Spending by Category, United States (Change from 12 months earlier, $ billion)

27
326
147
140

Total

Q ¼ quarter.
Source: Authors’ calculations using United States National Income and Product Accounts at https://fred.stlouisfed.org/tags/series?t=bea%
3Bnipa (accessed February 1, 2021).

Q1
Q2
Q3
Q4

Durables

Table 5.
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reduced purchases when services (and goods, particularly in Q2 2020) became
unavailable for purchase.
Finally, ofﬁcial measures of saving do not distinguish between the
accumulation of additional ﬁnancial wealth (for instance, net additions to balances
in savings accounts or investment portfolios) and reducing ﬁnancial obligations (that
is, paying down household debt). According to the Federal Reserve Bank of New
York’s quarterly household debt and credit report, households reduced total debt in
Q2 2020 by $34 billion, which included reductions of $11 billion in debt from home
equity lines of credit, $3 billion in auto loans, and $76 billion in credit card loans,
but were partially offset by a $63 billion increase in mortgage debt due to historically
low interest rates for those with high credit ratings. Again, given the uncertain outlook
for income and employment in the ﬁrst weeks and months of the COVID-19 pandemic,
it is reasonable for households to reduce their debts or avoid taking on new debt.
Overall, the SFBs accounting identity always holds. A government sector deﬁcit
results in an identical increase in the sum of the private sector surplus and capital
account. Starting there—as opposed to starting from the Ricardian Equivalence
perspective—suggests a deeper look into the changes in spending, saving, and debt
accumulation throughout the private sector. What emerges is that the lack of
improvement in the ﬁrm subsector balance is the historically anomalous outcome, not
the fact that personal saving increased as the federal government incurred large
deﬁcits. Households reduced spending and also temporarily reduced debt due to lost
employment and unprecedented uncertainty of near-term employment and income
prospects, and also because many services and some goods became unavailable to
purchase, not due to anticipation of higher future taxes.
Even so, asking why the household and ﬁrm subsectors acted as they did is
merely an intermediate step toward understanding how the SFBs evolved. For this
work to be of full use to policy makers requires integrating the information so far with
an analysis of how well policy responses to the COVID-19 pandemic—government
deﬁcits and otherwise—sustained or (even better) improved private sector ﬁnancial
positions relative to where they stood at the start of the pandemic. This is the subject of
the next section.

V.

Domestic Private Sector Financial Position During the Pandemic

Examining the ﬁnancial positions of the private sector is the ﬁnal step to
understanding the sector’s ﬁnancial fragility, having started with an overall view given
by SFBs and ﬂow-of-funds data. To measure ﬁnancial fragility, two types of measures
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(at least) are necessary—stock measures of ﬁnancial obligations (expected or
outstanding) and ﬂow measures that compare cash inﬂows (or sources) against
current or near-term payment commitments and other essential cash outﬂows (or uses).
The former relates to ﬁnancial leverage, which is usually measured using debt-to-asset,
debt-to-income, or asset-to-equity (or net worth) ratios. The latter refer to the ability of
the household or business to survive ﬁnancially—a “ﬁnancial survival constraint,” in
other words, that relates income ﬂows to payment commitments or necessary uses of
funds. For example, for the household sector, uses of funds primarily include mortgage
or rent payments, debt service, utilities, food, transportation, and other necessities,
while for the business sector, uses of funds include variable and ﬁxed costs, leases,
principal and interest payments, taxes, and net working capital.
A representation of the private sector’s ﬁnancial position and fragility as it
evolves via these two types of measures can be illustrated in a ﬁnancial positions map
(FPM) as shown in Figure 12. The vertical axis shows the degree or amount of
leverage, while the horizontal axis shows the degree to which the ﬁnancial survival
constraint is relaxed (left) or tight (right). Financial positions become more fragile as
they move to the north or the east of the graph, with the most fragile positions in the
northeast corner. The opposite—robust or resilient ﬁnancial positions—occurs as
ﬁnancial positions move to the south or the west of the map, with the most robust or
resilient positions in the southwest corner.

Figure 12.

Source: Authors’ illustration.

The Financial Positions Map

24 ASIAN DEVELOPMENT REVIEW

The initial impact of the pandemic on private sector ﬁnancial positions was
collapsing income and revenues, while most debt service, rent, utilities, and other
payment commitments remained the same. Thus, regardless of the private sector’s
starting ﬁnancial position, the economic shutdown tightened the sector’s ﬁnancial
survival constraint and shifted its position further to the right of the FPM. The shock,
in turn, increases the credit risks of the private sector, which—ceteris paribus—can
raise the interest rate on reﬁnancing short-term commitments, thus raising debt service
and further tightening the ﬁnancial survival constraint. In addition, if the private sector
responds to the ﬁnancial crisis with new borrowing (that is, beyond reﬁnancing
previous commitments) as the only possible way to meet current payment
commitments, then this would raise leverage. Figure 13 shows these effects of the
COVID-19 pandemic in the FPM.
Because the private sector’s ﬁnancial fragility affects the total economy’s growth
and stability, governments ought to protect the private sector’s ﬁnancial position.
Governments’ policy responses at the onset of the pandemic shock, if adequate for
stabilizing private sector ﬁnancial positions, should have prevented or delayed a
tightening of the survival constraint and an increase in leverage.

Figure 13.

Evolution of the Private Sector’s Financial Position after a Pandemic Shock

Note: The arrows illustrate how an economic shutdown can shift the private sector’s ﬁnancial position upward and
further to the right of the ﬁnancial positions map regardless of its starting position.
Source: Authors’ illustration.
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Figure 14.

Credit to Nonﬁnancial Sector as a Percentage of Gross Domestic Product,
Q1 1999–Q2 2020

GDP ¼ gross domestic product, Q ¼ quarter.
Source: Bank for International Settlements. https://www.bis.org/statistics/totcredit.htm (accessed February 1,
2021).

Figure 14 shows the historical trend in nonﬁnancial sector debt levels since
1999. From 1999 and leading up to the 2008 global ﬁnancial crisis (GFC), advanced
economies experienced steady increases in private sector debt levels. For emerging
market economies, by contrast, the increases started after the GFC. In 2020, steep
increases in private sector debt levels occurred in both advanced and emerging
economies. By Q2 2020, advanced economies’ credit to the nonﬁnancial sector
reached 174% of GDP, while emerging market economies’ credit to the nonﬁnancial
sector was 154% of GDP. (The increase is partly due to the fall in GDP.)
Using the Bank for International Settlements’ data on private nonﬁnancial sector
credit and debt service as simple proxies to measure the private sector’s leverage and
ﬁnancial survival constraint, respectively, provides an example of how the FPM
works. For leverage on the FPM’s vertical axis, the change in the private sector’s debtto-GDP ratio is the proxy. For the ﬁnancial survival constraint, the proxy is the change
in the private sector’s debt service-to-GDP ratio. Debt service is obviously a far
narrower measure of uses of funds than a true ﬁnancial survival constraint, which
means that actual survival constraints are likely tighter than those measured by debt
service ratios alone. Figure 15 presents this simpliﬁed FPM for selected developing
and developed economies during Q1 2015 to Q2 2020. The horizontal and vertical
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Figure 15. Evolution of the Private Sector’s Financial Position in Selected Economies,
Q1 2015–Q2 2020 (Percentage points)

GDP ¼ gross domestic product, Q ¼ quarter.
Source: Authors’ calculations using Bank for International Settlements data at https://www.bis.org/statistics/
totcredit.htm and https://www.bis.org/statistics/dsr.htm (accessed February 1, 2021).
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axes are the year-on-year changes in private debt service ratio and credit to the
nonﬁnancial sector as a percentage of GDP, respectively.
As shown in Figure 15, except for Indonesia, the sample of economies shifted
further in the ﬁrst quadrant of the FPM by Q2 2020. That is, both measures of ﬁnancial
fragility increased in the early stage of the pandemic. As compared to Q4 2019,
signiﬁcant jumps in both measures were observed in Japan, Malaysia, the ROK,
Thailand, and the UK during Q1 and Q2 2020. Even for the US, ﬁnancial positions
remained in the northeast quadrant, with substantial increases in the private sector debt
ratio, and continued increases in the debt service ratio even as these increases were
declining. The latter appears to largely be due to temporary forbearances for student
loans and credit card loans, and temporarily relaxed conditions for mortgage payment
delinquencies. For all countries (again, except Indonesia), the rise in leverage is partly
due to the policy responses of reducing interest rates and relaxing ﬁnancial regulations
to encourage private credit creation. The proxied FPMs in Figure 15 suggest that
policy responses to COVID-19 accompanied worsening ﬁnancial positions, rather than
substantially improving them or even sustaining them at pre-COVID-19 rates of
change. Finally, on the case of Indonesia, the improvement in ﬁnancial positions here
requires more information before drawing conclusions; while the proxies in the FPM
improved, a fully speciﬁed ﬁnancial survival constraint is necessary to draw
conclusions.

VI. Conclusion
The analysis in this paper of private ﬁnancial positions during the COVID-19
pandemic yields several conclusions:
(i) At the most macro-level view, given by the SFBs, a clear pattern across
economies emerged in the ﬁrst half of 2020: large private sector surpluses
generated by large government deﬁcits. Countries’ current account surpluses
declined as global trade slowed, hence these surpluses stopped being a source of
private sector surplus.
(ii) Available information about the private sector indicates that most of the increase
in the sector’s balance came from a large increase in household balances.
(iii) Whereas some have argued that households (in this case, in the US) were simply
saving the increased government transfers rather than spending them, possibly in
anticipation of higher taxes, the reality is that (a) households increased saving by
far more than the rise in government transfers; (b) households increased saving
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mostly by reducing purchases of services that were unavailable for purchase, and
perhaps out of precautionary reasons due to potential income and/or job loss; and
(c) nonﬁnancial ﬁrms’ subsector balances fell despite rising with household
balances in previous recessions.
(iv) Private sector ﬁnancial positions in terms of debt ratios and debt-service ratios
worsened in early 2020, which is atypical for the private sector in recessions.
Because these indicators are simple proxies for leverage and (particularly) a
ﬁnancial survival constraint, the private sector’s ﬁnancial positions may have
worsened even more than shown in Figure 15.
Whether government policies and interventions were enough to protect the
private sector’s ﬁnancial position during the pandemic is a continuing question.
However, in several countries, large private sector surpluses were accompanied by
signiﬁcant increases in private debt and debt service ratios, which suggests that, in
these cases, the government deﬁcits driving the large increases in private sector
ﬁnancial positions may not have been large enough to return private ﬁnancial positions
to prepandemic levels. If there are continued lockdowns and new waves of infection
still forthcoming, incomes and balance sheets of households and ﬁrms may continue to
worsen as a result.
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On the Two Catching-Up Mechanisms
in Asian Development
TAKUMA KUNIEDA, KEISUKE OKADA,
YASUYUKI SAWADA, AND AKIHISA SHIBATA¤

Existing studies identify two major underlying mechanisms behind East and
Southeast Asia’s miraculous economic performance in the past 5 decades:
accumulation and technological catching-up. This study investigates empirically
the relative importance of these two mechanisms in Asian development based on
a uniﬁed framework. Using canonical cross-economy panel data, the study
arrives at three important ﬁndings. First, while the process of catching-up through
capital accumulation played an important role worldwide, this mechanism was
more salient in Asia than in other economies around the globe, especially during
the region’s early phase of growth and development. Second, human capital
formation had a signiﬁcant positive effect on the technological catching-up
process worldwide. In particular, human capital formation promoted technology
adoption more strongly in Asia than in the rest of the world. Third, innovation has
also been critical in facilitating recent growth in Asian economies. These results
suggest that Asia’s capital-accumulation-driven growth in the early phase
induced human capital formation and international technological transfers at later
phases, with strong complementarities between these two types of capital. Asian
economies likely went through three phases of catching-up, that is, capital
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accumulation, technological imitation, and then innovation. The experiences of
these Asian economies in the last several decades provide critical lessons for
latecomer growth and development.
Keywords: accumulation catching-up, technological catching-up, human capital,
augmented Solow growth model, Asian development
JEL codes: O11, O33, O47

I.

Introduction

While catching-up is key in successful economic growth and the development of
East and Southeast Asian economies (hereafter, we simply call them Asian economies
unless otherwise stated), a long-standing debate over its underlying mechanisms
exists, that is, whether the region’s development is driven by the accumulation of
production factors or technological progress (Krugman 1994, Young 1995, Kim and
Lau 1996, Hayami and Ogasawara 1999, Comin and Mestieri 2018). This study aims
to settle this debate, at least partially, by setting up and empirically implementing an
integrated framework that considers both accumulation and technological catching-up
mechanisms. In the former, physical capital formation is essential in economic growth,
and, given the technological level, an economy’s per capita income level or growth
rate converges to a certain long-run equilibrium level. In the latter, technological
diffusion facilitated by human capital from a technological leader economy to a
follower economy is key in economic growth.
The accumulation catching-up process is typically formalized and empirically
implemented based on the neoclassical models of economic growth, that is, either the
Ramsey model (Barro and Sala-i-Martin 1992) or the Solow model (Mankiw, Romer,
and Weil 1992). Although the accumulation catching-up mechanism can explain a
country’s growth process to some extent, many researchers ﬁnd that technological
diffusion and adoption are critical factors in a country’s economic growth and
development (Bernard and Jones 1996; Dowrick and Rogers 2002; Madsen 2007,
2008; Madsen, Islam, and Ang 2010; Comin and Hobijn 2010, 2011; Comin and
Mestieri 2018).1 In fact, Asian economies employed a variety of channels and methods
1Although Bils and Klenow (2000) formulate the growth rate of technology in terms of both the
technological catching-up process and human capital constructed from the average return to schooling
estimated by applying the Mincer equation, their interest is in the relationship between human capital
accumulation and economic growth. In contrast, our interest is in decomposing the development process
into the accumulation catching-up process, in which physical capital formation is crucial, and the
technological catching-up process, in which human capital formation and the technological gap promote
technology transfer from abroad.
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to adopt technologies such as inviting experts from overseas, sending business
missions and students abroad, purchasing foreign licenses, importing machinery,
engaging in trade, conducting reverse engineering, attracting foreign direct investment
(FDI), and receiving technical cooperation aid (ADB 2020). Furthermore, as many
economic historians and development economists argue, human capital is
indispensable in the adoption of foreign technology (Ohkawa and Rosovsky 1973,
Abramovitz 1986, Keller 1996, Godo 2010). Indeed, to support international
technological transfers, Asian governments helped build a human capital base of
engineers, scientists, and other researchers and provided them with opportunities and
incentives to learn and apply their knowledge (ADB 2020).
In this study, we construct and empirically examine a uniﬁed framework of the
two catching-up processes. While Dowrick and Rogers (2002) compare these two
mechanisms separately using a similar cross-country dataset, we compare them within
an integrated framework. We believe that our integrated approach is indispensable for
rigorous comparisons because existing empirical results based on one of these two
mechanisms are likely to involve estimation bias arising from omitted variables,
speciﬁcation errors, or endogeneity, especially because of the assumption of
exogenous technological progress. More concretely, we introduce the technological
catching-up process of Nelson and Phelps (1966) and Benhabib and Spiegel (1994,
2005) into the augmented Solow model of Mankiw, Romer, and Weil (1992) to
investigate accumulation and technological catching-up mechanisms simultaneously.
In this regard, following Ohkawa and Rosovsky (1973) and others, we consider that
human capital can generate a positive effect on technological diffusion from abroad.
We match the estimation equation derived from the uniﬁed theory with the canonical
cross-economy panel data consisting of 144 economies between 1980 and 2014,
which is the period after the second oil crisis when most Asian economies begin
growing steadily, as well as for the earlier period from 1950 to 1989. Under this
framework, we can focus on the comparison of the relative importance of the two
catching-up processes in Asian economies and the rest of the world.
We obtain the following empirical results. First, physical capital formation was
essential in the accumulation catching-up process worldwide. Moreover, Asian
economies showed more pronounced accumulation effects than in other economies,
particularly at the early phase of economic development. Second, while human capital
formation generated a signiﬁcant facilitation effect on international technological
diffusion in both Asian and other economies, it enhanced technology adoption more
strongly in Asian economies than in the rest of the world. Third, later phases of
development have shown that own innovation also played a visible role in supporting
growth of Asian economies.
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The remainder of this paper is organized as follows. In the next section, we
develop a uniﬁed framework of the accumulation and technological catching-up
processes and derive a differential equation with respect to per capita gross domestic
product (GDP). Section III postulates an estimable equation based on the theory and
describes the panel dataset from 144 economies. In Section IV, we report and discuss
the empirical results based on the panel ﬁxed effects estimations, as well as the system
generalized method of moments (GMM) estimations. Section V provides the
concluding remarks.

II.

Model

We construct a uniﬁed model of factor accumulation and technological catchingup based on Mankiw, Romer, and Weil (1992) and Benhabib and Spiegel (2005),
respectively, where economy i technologically follows economy m, which is a global
technological leader (e.g., the United States [US]). The production technology of
economy i is given by a neoclassical aggregate production function:
Yi ¼ K iα (Ai Li ) 1α , where Ki is physical capital and Li is labor. Ai is the Harrodneutral economy-speciﬁc technological level, which is endogenously determined. The
laws of aggregate physical and human capital accumulation are
K_ i ¼ s ki Yi  δi Ki

ð1Þ

H_ i ¼ s hi Yi  δi Hi ,

ð2Þ

and

where s ki and s hi are the saving rates for physical and human capital, respectively, and
δi is the common depreciation rate for physical and human capital. Deﬁning efﬁciency
labor unit variables, ki ¼ Ki =(Ai Li ) and hi ¼ Hi =(Ai Li ), we rewrite equations (1) and
(2) as


A_ i
k_ i
k α1
¼ s i k i  ni þ δi þ
ð3Þ
ki
Ai
and


α
A_ i
h_ i
h ki
,
¼ si
 ni þ δi þ
hi
hi
Ai

ð4Þ

where ni is the labor or population growth rate. Suppose that the technological leader
economy m’s technology level, Am , has a constant and nonnegative growth rate, that is,
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A_ m =Am ¼: gm  0. Deﬁne the technological gap between economy i and the
technological leader m as xi :¼ Ai =Am . Then, we can rewrite equations (3) and (4) as
x_
k_ i
¼ s ki k iα1  i  (ni þ δi þ gm )
ki
xi

ð5Þ

h_ i
k α x_
¼ s hi i  i  (ni þ δi þ gm ):
hi
hi xi

ð6Þ

and

To incorporate the technological catching-up mechanism explicitly, we postulate that
the technological diffusion process from the leader economy to each follower economy
takes the speciﬁcation developed by Benhabib and Spiegel (1994, 2005), which is
~ 
 ~ 
  s
hi
hi
c
Ai
A_ i
¼ g
þ 
1
~
~
s
Ai
Am
hm
hm
~ 
 ~   s


c
c
Ai
h
h
¼ gþ  i   i
,
(7)
~
~
s
s
Am
hm
hm
where g and c are positive constants, and ~h i :¼ Ai hi and ~h m :¼ Am hm are the per-worker
human capital in economies i and m, respectively, where hm is a constant such that the leader
economy is in the steady state.
Regarding the technological diffusion process given by equation (7), several
remarks are in order. First, in equation (7), g(~h i =~h m ) is the endogenous innovation
rate of Ai and (c=s)(~h i =~h m )(1  (Ai =Am ) s ) is the rate of technological diffusion from
the leader economy where s 2 [  1, 1].2 () is assumed to be an increasing function,
and, thus, the human capital ratio between economy i and economy m, ~h i =~h m ,
enhances both the endogenous innovation rate and the rate of technological diffusion
from the leader economy.3 Second, the rate of technological diffusion increases as
Ai =Am decreases. This implies that as the technological distance between economy i
and the leader economy widens, the growth rate of Ai increases, and economy i is more

2Actually, technological spillovers arise from multiple advanced economies, and we can thus
consider that Am is a composite of advanced economies’ technology levels. In this study, following
Benhabib and Spiegel (1994), we assume that the spillover effects originate from the economy with the
best technology at that time; that is, Am (t) ¼ max Aj (t).
j
3There are other economic determinants of catching-up or absorption of technologies. Then, ()
might be a function of, for instance, trade openness, FDI, the business environment, and the quality of
institutions and governance. Moreover, if () encompasses policy variables such as public budget
allocation for technical and vocational education and training as its arguments, we can then examine the
government policy impact. In this study, we follow Benhabib and Spiegel (1994, 2005) closely and restrict
our attention to the role of human capital, and we handle other remaining economy-speciﬁc heterogeneities
at least partly by including economy-speciﬁc ﬁxed effects in our estimation.
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likely to acquire state-of-the-art technologies regardless of the sign of s. Third,
equation (7) features a nested structure that can capture the two diffusion possibilities
of Ai as discussed in Richards (1959), Benhabib and Spiegel (2005), and Sawada,
Matsuda, and Kimura (2012). More concretely, if s ¼ 1, A_ i can be written as a linear
function of Ai provided that all variables in the right-hand side of equation (7) other
than Ai are constant. Then, if s ¼ 1, the technological diffusion process is called
“exponential.” In contrast, if s ¼ 1, A_ i can be written as a quadratic function of Ai
provided that all variables in the right-hand side of equation (7) other than Ai are again
constant, where the functional form of the general solution of equation (7) becomes
logistic. Then, if s ¼ 1, the technological diffusion process is called “logistic.” In our
empirical study, we estimate the value of s.
Throughout the present analysis, we simply assume that (~h i =~h m ) ¼ ~h i =~h m . We
can then rewrite equations (5)–(7) as
 
 

k_ i
c  hi
c hi
k α1
x þ
x sþ1  (ni þ δi ),
¼ si ki  g þ
ð8Þ
s hm i s hm i
ki
 
 

α
h_ i
c  hi
c hi
h ki
¼ si
 gþ
ð9Þ
x þ
x sþ1  (ni þ δi ),
s hm i s hm i
hi
hi
 
 
x_ i 
c  hi
c hi
¼ gþ
ð10Þ
x 
x sþ1  gm :
s hm i s hm i
xi
The economy can be expressed in an integrated manner by the three-dimensional
dynamical system consisting of equations (8)–(10).
Steady State and Growth Rate
If the steady-state value of xi exists, the steady-state values of ki and hi also exist.
To guarantee the existence of the steady-state value of xi 2 (0, 1) for any s 2 [  1, 1],
which is locally stable, we assume that c > g > 0 and gm is sufﬁciently small. In
particular, in an extreme case in which gm ¼ 0, it is straightforward to verify the
existence of the nontrivial steady-state value of xi for any s 2 [  1, 1]. By continuity,
as long as gm is sufﬁciently small, the nontrivial steady-state value of xi exists.4

4We can prove the following. If 1  s  0, the dynamical system has a unique nontrivial steady
state, which is locally stable, for any nonnegative value of gm . If 0 < s  1, it has two nontrivial steady
k
states provided that [(1 þ sg=c)(1=(s þ 1))] (sþ1)=s (c=hm ) > [(n þ δ þ gm ) 1=(1α) gm ]=[s h (s ) α=(1α) ], where
one is locally stable and the other is a saddle point; otherwise, there is no nontrivial steady state. In the case
in which there is no nontrivial steady state, the economy experiences endogenous growth. In this study, we
focus on the case in which there is at least one nontrivial steady state and consider the approximate law of
yi ’s motion in the neighborhood of the stable steady state.
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Denoting physical capital, human capital, and output per effective labor in the
steady state as k i , h i , and y i , respectively, we can consolidate equations (5)–(6) into
the following equation:
s ki (k i ) α1 ¼ s hi

(k i ) α
¼ ni þ δi þ gm :
h i

Equation (11) yields k i , h i , and y i as follows:
k i

¼

h i ¼

sk
ni þ δi þ gm

!

1
1α

ð12Þ

,

s h (s k ) 1α

ð11Þ

α

1

(ni þ δi þ gm ) 1α

y i ¼ (k i ) α ¼

ð13Þ

,

sk
ni þ δi þ gm

!

α
1α

:

ð14Þ

Proposition 1.
Suppose that c > g and gm is sufﬁciently small so that the steady-state value of x
exists. Then, the approximate law of yi ’s motion around the steady state is given by
 

 c  h 
y_ i
c  hi
i

¼ i ( log yi  log y i )  α g þ
ð15Þ
x þα
x sþ1 þ αgm ,
s hm i
s hm i
yi
where i ¼ (1  α)(ni þ δi þ gm ).
Proof. See Appendix 1.
We deﬁne per-worker income as ~yi :¼ Yi =Li . Since ~yi :¼ Ai yi and ~h i :¼ Ai hi , we
can rewrite equation (15) in terms of per worker as follows:
 
~y_ i
~y
¼ (1  α)(δi þ gm ) log i þ α(δi þ gm ) log s ki
~yi
Ai
 
~y
 (1  α)ni log i þ αni log s ki  αðni þ δi þ gm Þ log ðni þ δi þ gm Þ
Ai
 
 c  h~ 

c  h~ i
i
s
 (1  α)
x þ ð1  αÞ g þ
þ αgm :
(16)
s h~ m i
s h~ m
Equation (16) describes two types of catching-up processes. The ﬁrst and second lines
of the right-hand side of equation (16) show the accumulation catching-up process, in
which physical capital formation is crucial in economy i’s economic growth. The third
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line represents the technological catching-up process, which can be further
decomposed into two parts: the ﬁrst part is “imitation” or technology transfer from
abroad, and the second part is “innovation” or endogenous innovation driven by
human capital. In this technological catching-up process, human capital formation and
the technological gap promote technology transfer from abroad, which plays a crucial
role in economy i’s economic growth.
For the empirical analysis in the next section, we linearize the third term of the
second line of equation (16) around the average value of ni across economies and
rewrite equation (16) as follows:
 
~y_ i
~y
¼ (1  α)(δi þ gm ) log i þ α(δi þ gm ) log s ki
~yi
Ai
 
~y
 (1  α)ni log i þ αni log s ki  α[ log ( n þ δi þ gm ) þ 1]ni
Ai
 
 c  ~h 

c  ~h i
i
x si þ (1  α) g þ
 (1  α)
s ~h m
s ~h m
þ αgm  α[(δ þ gm ) log( n þ δi þ gm )  1] n ,

(17)

where 
n is the average value of ni across economies.

III. Empirical Analysis
We implement econometric analyses using the panel data for world economies,
assuming that δi is invariant across economies. To test heterogenous growth
trajectories between Asia and the rest of the world, we include the rest-of-the-world
dummies (ROW dummies) in the coefﬁcients of investment, log s kt1 and ni log s kt1 ;
the human-capital ratio, ~h t1, i =~h t1, m ; and the interaction term of the human capital
ratio and the sth power of the total factor productivity (TFP) ratio,
(~
h t1, i =~
h t1, m )(xt1, i ) s . As such, since we can approximate ~y_i =~yi ¼ log( ~yt, i =~yt1, i ),
we convert equation (17) into equation (18) as follows:






~yt, i
~yt1, i
~yt1, i
¼ a1 log
þ a2 nt, i log
log
~yt1, i
At1, i
At1, i
þ a3 log s kt1, i þ a4 log s kt1, i  ROW dummy
þ a5 nt, i log s kt1, i þ a6 nt, i log s kt1, i  ROW dummy þ a7 nt, i
!
!
~h t1, i
~h t1, i
(xt1, i ) s þ b2
(xt1, i ) s  ROW dummy
þ b1
~h t1, m
~h t1, m
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~h t1, i
h~ t1, m

!
þ b4

þ constant þ i þ t, i ,

~h t1, i
h~ t1, m
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!
 ROW dummy
(18)

where i represents an economy-speciﬁc effect and t, i is an error term. Since
economies’ interconnectedness through trade, investments, and business networks
may induce cross-economy correlations in the error terms, we use heteroscedasticity
and autocorrelation-consistent standard errors clustered at the economy level. In
equation (18), we expect from theory that the convergence coefﬁcients a1 and a2 will
be negative. Additionally, a3 , a3 þ a4 , a5 , and a5 þ a6 will be positive, and a6 will be
negative. On the technological diffusion parameters, we expect b1 and b1 þ b2 will be
negative (positive) and b3 and b3 þ b4 will be positive (negative) if s > 0 (s < 0).
Based on the standard development accounting framework of Caselli (2005), we
α
compute At1, i as At1, i ¼ [ ~yt1, i =~k t1, i ] 1=(1α) with α ¼ 1=3, where ~k i :¼ Ai ki .5
Assuming that the leader economy m is the US, we obtain xt1, i ¼ At1, i =At1, m as
follows:
"
! α
!# 1=ð1αÞ
~k t1, m
~yt1, i
At1, i
¼
:
xt1, i ¼
~k αt1, i
~yt1, m
At1, m
A.

Data

We extract all data from the Penn World Table, version 9.0, constructed by
Feenstra, Inklaar, and Timmer (2015). We collect annual data from 144 economies
over the period 1950–2014, although complete data are not necessarily available for all
the economies we analyze. The economies in our sample are listed in Table A2.1
in Appendix 2. In particular, we use the output-side real GDP at chained purchasing
power parity (PPP) (rgdpo) and the number of persons engaged (emp) in the Penn
World Table to obtain per-worker income ~yi and the population growth rate of workers
ni . We also employ capital stock (rkna) to obtain physical capital Ki and share of gross
capital formation in GDP (csh_i) to obtain the saving rates for physical capital s ki . We
use the human capital index based on years of schooling and returns to education (hc)
to obtain per-worker human capital ~h i .
Following the standard procedure in the growth regression literature (see, for
example, Levine, Loayza, and Beck 2000), we take the 5-year average of each variable
5In setting α to 1=3, we follow the sensitivity excise result on the calibrated capital share of Caselli
(2005), who uses the Penn World Tables and the World Bank’s World Development Indicators.
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and construct the panel dataset for the following nonoverlapping 13 periods: 1950–
1954, 1955–1959, 1960–1964, 1965–1969, 1970–1974, 1975–1979, 1980–1984,
1985–1989, 1990–1994, 1995–1999, 2000–2004, 2005–2009, and 2010–2014. Using
5-year averages enables us to mitigate the noise and measurement errors due to shortrun economic ﬂuctuations, so that we can conﬁne our attention to medium-term
economic growth. In Appendix 2, Table A2.2 reports the descriptive statistics and
Table A2.3 shows the mean values of each variable for the Asian and non-Asian
economies in our sample in two different time periods.
B.

Estimation Method

Our interest is in characterizing the development process of the economies in
Asia. To this end, we examine 11 high-performing East and Southeast Asian
economies as a group: the People’s Republic of China; Hong Kong, China; Indonesia;
Japan; the Republic of Korea; Malaysia; the Philippines; Singapore; Taipei,China;
Thailand; and Viet Nam. We focus our analysis on the period after the second oil crisis
when most Asian economies began to grow steadily; thus, we use the dataset for the
period 1980–2014. We will also use the dataset that includes an earlier period to
compare the growth process between the earlier and the later phases of post-World War
II economic development.
A nonlinear term, (xt1, i ) s , in equation (18) is a main component of
technological diffusion. As previously explained, if s ¼ 1, then the technological
diffusion process is logistic, and if s ¼ 1, then it is exponential. Benhabib and
Spiegel (2005) and Sawada, Matsuda, and Kimura (2012) obtain s ¼ 1 by conducting
the estimations with the cross-country data, which is consistent with the logistic case
of the technological diffusion process. However, their estimation results are based on a
single cross-country data and might involve the estimation bias arising from omitted
variables because of economy-speciﬁc heterogeneities. Given these remarks, we
preexamined linear ﬁxed effects estimations with the assumption of either of the two
possible parameter values; that is, s ¼ 1 or s ¼ 1. Tables A3.1 and A3.2
in Appendix 3 provide the estimation results under the assumption of s ¼ 1 and
s ¼ 1, respectively. Note from Table A3.1 that although the coefﬁcient of (~h i =~h m )(x) s
is signiﬁcant and its sign is consistent with the theoretical prediction, the coefﬁcient of
~
h m is insigniﬁcant or its sign is inconsistent with our theory. Table A3.2 shows that
h i =~
while the coefﬁcient of log( ~y=A) is signiﬁcant, its sign is inconsistent with our theory.
From these results, we conjecture that neither s ¼ 1 nor s ¼ 1 is a plausible value
that governs the nonlinear term.
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Notably, the estimation results with s ¼ 1 and s ¼ 1 are not necessarily
consistent with those of Benhabib and Spiegel (2005) and Sawada, Matsuda, and
Kimura (2012). In fact, Benhabib and Spiegel (2005) and Sawada, Matsuda, and
Kimura (2012) remove cross-country variations in their datasets by considering the
long-term development process for 36 years from 1960 to 1995. Furthermore, their
estimation model considers only the technological catching-up process. Hence, their
results may involve estimation biases arising from omitted variables and endogeneity
problems. In contrast, we consider the development process every 5 years using the
panel data, integrating two catching-up mechanisms into a uniﬁed framework. Hence,
the augmented speciﬁcation of our model, which integrates the Solow growth model
and Benhabib and Spiegel (2005) and Sawada, Matsuda, and Kimura (2012), together
with the economy ﬁxed effects to control for unobserved time-invariant heterogeneities, likely generates different empirical results.
Considering the computational feasibility of estimating a highly nonlinear
equation (18), we set our empirical strategy as follows. First, to allow the parameter
value of s to be ﬂexible, we estimate equation (18) by applying the nonlinear least
squares method with economy ﬁxed effects. After ﬁxing the value of s, we also
reestimate the model using a linear regression with ﬁxed effects as well as a system
GMM model.

IV.

Results

To report our empirical results shown in Tables 1–3, we follow equation (18)
and label the estimated coefﬁcients using variables log( ~y=A), log s ki , xi , ~h i =~h m , and
(~
h t1, i =~
h t1, m )(xt1, i ) s .
A.

Characterization of the Development Process

In this section, we ﬁrst characterize the development process of Asian economies
empirically by estimating the parameters of equation (18), including the power
parameter s. Table 1 presents the results of the nonlinear ﬁxed effects estimations using
data for the period 1980–2014. The estimated values of s in columns (1)–(4) are
signiﬁcant at the 1% level and relatively stable within the range from 0:275 to
0:299. Moreover, they are statistically different from 1 and 1. The coefﬁcient of the
international technological transfer or imitation term, (~h t1, i =~h t1, m )(xt1, i ) s , in all
these nonlinear speciﬁcations is statistically signiﬁcant, and its sign is consistent with
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Table 1.

Nonlinear Least Squares Estimation with Economy Fixed Effects of the
Uniﬁed Model Shown in Equation (18), 1980–2014
(1)

log( ~yt1 =At1 )
nt log( ~yt1 =At1 )
log s kt1

0.014
(0.041)
0.360
(0.698)
0.014
(0.010)

0.230
(0.794)
0.275**
(0.120)
0.275***
(0.072)

0.013
(0.041)
0.365
(0.699)
0.029
(0.030)
0.015
(0.030)
0.371
(0.539)
0.179
(0.428)
0.231
(0.793)
0.273**
(0.119)
0.276***
(0.072)

0.158
(0.149)

0.154
(0.149)

log s kt1  ROW
nt log s kt1

0.191
(0.360)

nt log s kt1  ROW
nt
(~h t1 =~h t1, m )(xt1 ) s
s

(2)

(~h t1 =~h t1, m )(xt1 ) s  ROW
(~h t1 =~h t1, m )
(~h t1 =~h t1, m )  ROW
Number of economies
Number of observations

144
831

144
831

(3)

(4)

0.237
(0.790)
0.279**
(0.130)
0.297***
(0.077)
0.052
(0.060)
0.284*
(0.161)
0.221
(0.160)

0.000
(0.046)
0.363
(0.697)
0.026
(0.030)
0.013
(0.030)
0.249
(0.533)
0.061
(0.401)
0.230
(0.790)
0.280**
(0.129)
0.299***
(0.077)
0.054
(0.057)
0.286*
(0.165)
0.225
(0.164)

144
831

144
831

0.000
(0.046)
0.356
(0.695)
0.013
(0.010)

0.189
(0.360)

Notes: The dependent variable is an economic growth rate. ROW is a dummy variable for
the rest of the world consisting of all economies except 11 Asian economies: the People’s
Republic of China; Hong Kong, China; Indonesia; Japan; the Republic of Korea; Malaysia;
the Philippines; Singapore; Thailand; Taipei,China; and Viet Nam. All estimations include
economy ﬁxed effects and a constant term. The numbers in parentheses are robust standard
errors clustered at the economy level. ***, **, and * indicate the 1%, 5%, and 10%
signiﬁcance levels, respectively.
Source: Authors’ calculations.

the theoretical prediction. Whereas the coefﬁcient of the human capital ratio or
innovation term, ~h i =~h m , in columns (1) and (2) is insigniﬁcant, its sign in columns (1)–
(4) are all consistent with the theoretical prediction.
We select s ¼ 0:275 as the reference value of s for the main analysis, which is a
point estimate reported in column (1) of Table 1. We believe this value is reasonable
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Table 2. Fixed Effects and System Generalized Method of Moments Estimation of the Uniﬁed
Model Shown by Equation (18), 1980–2014 (With Restriction of s ¼ 0:275)
(1)
FE
log( ~yt1 =At1 )
nt log( ~yt1 =At1 )
log s kt1
log s kt1  ROW
nt log s kt1
nt log s kt1  ROW
nt
(~h t1 =~h t1, m )(xt1 ) s

(2)
FE

0.014
(0.036)
0.360
(0.633)
0.014
(0.009)

0.013
(0.036)
0.364
(0.634)
0.029
(0.028)
0.015
(0.027)
0.191
0.371
(0.328)
(0.489)
0.179
(0.388)
0.229
0.232
(0.722)
(0.721)
0.275*** 0.275***
(0.036)
(0.036)

(~h t1 =~h t1, m )(xt1 ) s  ROW
(~h t1 =~h t1, m )

0.157**
(0.062)

0.156**
(0.063)

(~h t1 =~h t1, m )  ROW
Number of instruments
AR (2) test (p-value)
Hansen test (p-value)
Number of economies
Number of observations

144
831

144
831

(3)
FE

(4)
FE

0.002
(0.040)
0.344
(0.634)
0.014
(0.009)

0.002
(0.040)
0.350
(0.635)
0.025
(0.028)
0.012
(0.027)
0.192
0.250
(0.329)
(0.486)
0.058
(0.366)
0.245
0.240
(0.723)
(0.723)
0.313*** 0.316***
(0.056)
(0.054)
0.052
0.054
(0.061)
(0.059)
0.318*** 0.321***
(0.117)
(0.122)
0.214
0.216
(0.148)
(0.152)

144
831

144
831

(5)
GMM

(6)
GMM

0.087** 0.084**
(0.041)
(0.032)
2.389*
1.580
(1.263)
(1.068)
0.054*** 0.326**
(0.020)
(0.143)
0.286*
(0.150)
0.372
3.917*
(0.854)
(2.288)
3.640
(2.295)
1.938
1.272
(1.729)
(1.423)
0.117***
0.395*
(0.019)
(0.228)
0.293
(0.239)
0.078*** 0.094
(0.028)
(0.195)
0.015
(0.221)
45
45
0.87
0.56
144
831

0.62
0.71
144
831

FE ¼ fixed effects, GMM ¼ generalized method of moments.
Notes: The dependent variable is an economic growth rate. ROW is a dummy variable for the rest of the
world consisting of all economies except 11 Asian economies: the People’s Republic of China; Hong
Kong, China; Indonesia; Japan; the Republic of Korea; Malaysia; the Philippines; Singapore; Thailand;
Taipei,China; and Viet Nam. All estimations include a constant term, and those in columns (1)–(4) include
economy ﬁxed effects. The instruments in columns (5) and (6) are the two- and three-period lagged
h t1 =~
h t1, m )(xt1 ) s , and (~
h t1 =~
h t1, m ). The numbers in parentheses
variables of log( ~yt1 =At1 ), log s kt1 , (~
are robust standard errors clustered at the economy level in columns (1)–(4) and Windmeijer’s (2005)
corrected robust standard errors in columns (5) and (6). ***, **, and * indicate the 1%, 5%, and 10%
signiﬁcance levels, respectively.
Source: Authors’ calculations.
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Table 3.

Fixed Effects Estimation of the Uniﬁed Model Shown by Equation
(18), 1950–1989 (With Restriction of s ¼ 0:422)

log( ~yt1 =At1 )
nt log( ~yt1 =At1 )
log s kt1

(1)

(2)

(3)

(4)

0.098**
(0.042)
0.510
(0.663)
0.003
(0.007)

0.104**
(0.042)
0.549
(0.667)
0.004
(0.007)

0.261
(0.740)
0.117***
(0.017)

0.103**
(0.041)
0.598
(0.655)
0.028
(0.021)
0.034*
(0.021)
0.017
(0.389)
0.229
(0.269)
0.363
(0.745)
0.123***
(0.017)

0.129**
(0.058)

0.157***
(0.056)

0.301
(0.744)
0.071**
(0.031)
0.057*
(0.033)
0.060
(0.107)
0.093
(0.119)

0.105**
(0.041)
0.608
(0.658)
0.019
(0.017)
0.025
(0.017)
0.060
(0.403)
0.183
(0.292)
0.368
(0.748)
0.094***
(0.025)
0.033
(0.027)
0.162
(0.098)
0.006
(0.114)

127
620

127
620

127
620

127
620

log s kt1  ROW
nt log s kt1

0.249
(0.265)

nt log s kt1  ROW
nt
(~h t1 =~h t1, m )(xt1 ) s
(~h t1 =~h t1, m )(xt1 ) s  ROW
(~h t1 =~h t1, m )
(~h t1 =~h t1, m )  ROW
Number of economies
Number of observations

0.243
(0.266)

Notes: The dependent variable is an economic growth rate. ROW is a dummy variable for
the rest of the world consisting of all economies except 11 Asian economies: the People’s
Republic of China; Hong Kong, China; Indonesia; Japan; the Republic of Korea;
Malaysia; the Philippines; Singapore; Thailand; Taipei,China; and Viet Nam. All
estimations include economy ﬁxed effects and a constant term. The numbers in
parentheses are robust standard errors clustered at the economy level. ***, **, and *
indicate the 1%, 5%, and 10% signiﬁcance levels, respectively.
Source: Authors’ calculations.

as it falls in the 95% conﬁdence interval of the estimations obtained from the other
speciﬁcations shown in columns (2)–(4). Fixing s ¼ 0:275, we reestimate the
regression models with economy ﬁxed effects to mitigate estimation biases arising
from omitted variables and endogeneity. The results are reported in columns (1)–(4) in
Table 2. We can verify that all the estimated coefﬁcients in columns (1)–(4) in Table 2
are comparable to those reported in Table 1, although the statistical signiﬁcance of
some coefﬁcients changes. In particular, the coefﬁcient of the human capital ratio
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becomes signiﬁcant at the conventional level in speciﬁcations (1)–(5) of Table 2,
while the patterns of signiﬁcance of the other variables remain basically the same as
those in Table 1.
When ﬁguring out the development process, we may face endogeneity problems
associated with reverse causality, such that economic growth affects the accumulation
catching-up process and/or the technological catching-up process.6 For instance, if
people anticipate a low future growth rate, they may refrain from investing in projects
or save education costs. In addition, they may abandon importing new technologies
from abroad. More generally, although the inclusion of ﬁxed effects can eliminate the
omitted variable and endogeneity biases arising from time-invariant unobserved
heterogeneities, a bias due to time-variant omitted variables may still exist.
To address the endogeneity problem arising from time-variant unobserved
factors, we conduct a dynamic panel data analysis by applying the system GMM
estimator.7 Columns (5) and (6) in Table 2 show the results of the system GMM
estimations that correspond to the ﬁxed effects estimations in columns (1) and (4),
respectively. We conﬁrm the validity of instrumental variables for the GMM
estimations by applying the Hansen tests for overidentifying restrictions. The Hansen
tests do not reject the orthogonality conditions at the conventional signiﬁcance level
under the moderate number of overidentifying restrictions in both columns (5) and (6).
The validity of the assumption that there are no serial correlations of the error term, it ,
also affects the consistency of the GMM estimator. Hence, we test whether the
differenced error terms are serially correlated with respect to the second order. The
Arellano–Bond serial correlation tests (AR[2] tests) do not reject the null hypothesis of
nonexistence of a second-order serial correlation.
1.

Accumulation Catching-Up

In all estimations, including the ﬁxed effects and system GMM estimations in
Table 2, the sign of the estimated coefﬁcient of adjusted per capita output, log( ~y=A), is
negative and consistent with the theoretical prediction based on the accumulation
catching-up mechanism. Whereas the coefﬁcient of adjusted per capita output is
insigniﬁcant in columns (1)–(4) of the ﬁxed effects estimations, the coefﬁcient in

6The importance of the reverse causality issue is stressed by Bils and Klenow (2000) and Hanushek
and Woessmann (2010).
7Arellano and Bond (1991), Arellano and Bover (1995), and Blundell and Bond (1998) develop the
GMM estimator for dynamic panel models. In our analysis, we perform the two-step system GMM
estimation. We use the two- and three-period lagged variables of per capita output, investment, the
interaction term, and the human capital ratio as the instruments.
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columns (5) and (6) of the system GMM estimations is signiﬁcant at the 5% level.
Similarly, the sign of the estimated coefﬁcient of investment, log s ki , is positive and in
line with the theoretical prediction. This investment coefﬁcient is statistically
insigniﬁcant in columns (1)–(4) of the ﬁxed effects estimations; however, in columns
(5) and (6) of the system GMM estimations, it is signiﬁcant at the 5% level. The
coefﬁcient of the interaction of investment and the population growth of workers (i.e.,
a5 in equation [18]) is largely insigniﬁcant; however, its sign is not consistent with our
theory.
In equation (18), the marginal effect of investment is captured by a3 þ na5 for
Asian economies and a3 þ a4 þ n(a5 þ a6 ) for ROW. We test a3 þ na5 ¼ 0 and a3 þ
a4 þ n(a5 þ a6 ) ¼ 0 in equation (18) by using the F-value obtained from the system
GMM estimation of column (6). For a3 þ na5 ¼ 0, we use n ¼ 0:019 (the average
growth rate of workers in Asian economies over the estimation period), and for
a3 þ a4 þ n(a5 þ a6 ) ¼ 0, we use n ¼ 0:022 (the average growth rate of workers in
ROW). The null hypothesis of a3 þ 0:019  a5 ¼ 0 is rejected at the 5% signiﬁcance
level and that of a3 þ a4 þ 0:022  (a5 þ a6 ) ¼ 0 is rejected at the 1% signiﬁcance
level. From the estimation of column (6), we obtain a3 þ 0:019  a5 ¼ 0:326 þ
0:019  (3:917) ¼ 0:251 and a3 þ a4 þ 0:022  (a5 þ a6 ) ¼ 0:326  0:286 þ
0:022  (3:917 þ 3:640) ¼ 0:033. This implies that, evaluated at the average
population growth of workers, the marginal effect of investment captured by the log of
the GDP share of physical capital formation, log s ki , is much greater in Asian
economies than in ROW. In sum, the results obtained here indicate that physical
capital accumulation has been an effective mechanism behind economic growth in all
economies, and growth and development were driven by physical capital formation
more strongly in Asian economies than in other economies during the period 1980–
2014. Moreover, considering that capital accumulation is used as one of the
instrumental variables in the GMM model and the estimation results support the
validity of instruments, we ﬁnd suggestive evidence that capital accumulation
facilitated human capital formation.
2.

Technological Catching-Up

As seen in columns (1)–(4) of Table 2, the coefﬁcient of the international
technological transfer or imitation term, (~h t1, i =~h t1, m )(xt1, i ) s , is positive and
signiﬁcant at the 1% level in all four speciﬁcations even after we control for ROW
dummies. Its sign is consistent with one of our theoretical mechanisms, representing
the impact of technology adoption from abroad. Furthermore, the estimated coefﬁcient
of the same variable in columns (5) and (6) using the system GMM estimations is
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signiﬁcant at the 1% and 10% signiﬁcance level, respectively, and its sign is also
consistent with our theory. The coefﬁcient of this term corresponds to a combination of
structural parameters, (1  α)c=s, in the technological spillovers portion of equation
(17). Hence, as the human capital ratio increases and the TFP gap becomes wider, the
technology adoption effect becomes stronger. Given this theoretical feature, we test
b1 þ b2 ¼ 0 in equation (18) using the F-value obtained from the system GMM
estimation in column (6) to compare the technological catching-up processes between
Asian economies and ROW. The null hypothesis of b1 þ b2 ¼ 0 is rejected at the 1%
signiﬁcance level. Since column (6) shows that b1 > b1 þ b2 > 0, this suggests that
human capital formation and the TFP gap in Asian economies promoted technology
adoption more strongly than in ROW.
The coefﬁcient of the human capital ratio, (~h t1, i =~h t1, m ), in columns (1)–(4) of
the ﬁxed effects estimations is also signiﬁcant at the conventional level. The coefﬁcient
of the human capital ratio in column (5) of the system GMM estimation is signiﬁcant;
however, the coefﬁcient in column (6) is insigniﬁcant. From a theoretical perspective,
b1 þ b3 and b1 þ b2 þ b3 þ b4 in equation (18), the potential innovation rates in Asian
economies and ROW, respectively, are equal to (1  α)g in equation (17).
To investigate both imitation and innovation channels of technological catchingup, we test two null hypotheses, that is, b1 þ b3 ¼ 0 and b1 þ b2 þ b3 þ b4 ¼ 0, using
the F-value obtained from the system GMM estimation in column (6). While the null
hypothesis of b1 þ b3 ¼ 0 is rejected at the 5% signiﬁcance level, that of b1 þ b2 þ
b3 þ b4 ¼ 0 cannot be rejected. According to our estimated coefﬁcients,
b1 þ b3 ¼ 0:301, which implies that g ¼ 0:45 with α ¼ 1=3, where g is the innovation
parameter in the technological catching-up mechanism shown in equation (7). This
result indicates that the innovation channel also worked well in Asian economies
during the period 1980–2014. In contrast, since b1 þ b2 þ b3 þ b4 ¼ 0:023, which is
not different from zero statistically, the implied innovation parameter for ROW
becomes g ¼ 0:0345. Judging from these results, we may conclude that overall
innovation in ROW might have been negligible compared to innovation in Asian
economies. Indeed, in 2015, the Republic of Korea; Taipei,China; and the PRC were
listed among the top ﬁve in the number of foreign-origin patents granted in the US
(ADB 2020), as evidence of Asian economies’ innovation capacity.
Overall, these results indicate that human capital formation and the initial TFP
gap between Asian economies and the global technology frontier promoted technology
adoption and potential innovation more strongly in Asia than in ROW in the period
1980–2014.
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3.

Different Phases of Catching-Up

In order to track different phases of catching-up, we apply the same framework to
data that covers earlier years from 1950 to 1989. Note that we also include data from
the 1980s in the analysis to secure computational feasibility and stability of estimated
coefﬁcients. As before, we ﬁrst estimate the parameter value of s in equation (18) by
applying the nonlinear least squares method with economy ﬁxed effects, and then
given a ﬁxed value of s, we reestimate the equation using a linear regression with ﬁxed
effects. With the estimated value of s ¼ 0:422, the empirical results are reported in
Table 3.
In all speciﬁcations shown in columns (1)–(4) of Table 3, the estimated
coefﬁcients of adjusted per capita output, log( ~y=A), are negative and statistically
signiﬁcant. Also, the absolute magnitude of these coefﬁcients is substantially larger
than those reported in Table 2 for the period 1980–2014. These results suggest that
physical capital accumulation played a more important role in facilitating catching-up
in all economies including Asia for the period 1950–1989 than it did in later phases of
economic growth.
As for technological catching-up through imitation and innovation channels, the
estimated coefﬁcient of the imitation term, that is, (~h t1, i =~h t1, m )(xt1, i ) s , is lower than
that in Table 2 for 1980–2014 but is consistently positive and statistically signiﬁcant,
even allowing for heterogeneities of ROW. This indicates the effectiveness of
technology adoption from abroad in supporting catch-up and economic growth in the
earlier phase of 1950–1989, a channel that is strengthened in the later phase of 1980–
2014. The implied innovation parameter g, on the other hand, becomes negligible or
even slightly negative during the earlier period. Own innovation did not seem to be
critical in catching-up in the earlier phase of growth and development.
These results suggest that Asian economies experienced three phases of
catching-up (ADB 2020). First, in the region’s early stage of development, its success
was primarily based on mobilization of resources, especially physical capital
accumulation. Subsequently, in the second phase, economies began to rely more on
foreign technologies or technological imitation. Finally, in the third phase, Asia
reached the global technological frontier in different sectors and started engaging in
own innovation. These ﬁndings are also consistent with an observation that over
the past 50 years, Asia’s leading economies have transitioned from being users of
foreign patents to producers of domestic ones, especially during and after the 1990s
(ADB 2020). Built on income growth driven by capital investments in the ﬁrst phase,
accumulated human capital played a complementary role in promoting catching-up in
the latter two phases.
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Policy Implications

The empirical results obtained from our econometric analyses can be
summarized in the following four essential points:
(i) Growth and development were driven by physical capital formation more
strongly in Asian economies than in ROW throughout the post-World War II era,
especially during the region’s early phase of development.
(ii) In the later phases of development, technology adoption or catching-up through
imitation was enhanced by human capital formation and the initial TFP gap more
strongly in Asian economies than in ROW, hence facilitating growth.
(iii) Potential innovation was enhanced by human capital formation more strongly in
Asian economies than in ROW during the latest phase of growth and
development.
(iv) Asian economies likely went through three phases of catching-up, that is, capital
accumulation, technological imitation, and innovation.
Since these catching-up processes are not automatic, deliberate efforts by
individuals, ﬁrms, and governments are indispensable. In the ﬁrst phase of catching-up
through capital accumulation, Asian economies successfully mobilized high savings
and excess rural labor. Moreover, especially in the second phase, Asia adopted foreign
technologies by inviting foreign experts, sending business missions and students
abroad, obtaining foreign licenses, importing machinery, learning through exporting to
global markets, attracting FDI, engaging in reverse engineering, and receiving
technical cooperation aid (ADB 2020). As economies achieved imitation-based
catching-up, which enabled further physical capital accumulation and human capital
investment through income growth, they moved further toward innovation-based
growth and catching-up. Asian governments had a signiﬁcant role in facilitating these
processes by strengthening human capital, which led to a larger number of engineers,
scientists, and researchers, and by creating an institutional environment to stimulate
innovation.
Human capital formation and resulting TFP growth expanded the so-called
knowledge capital, which is critical in modern economic growth and development.
According to our empirical results, not only are policies that directly promote human
capital formation and TFP growth essential but policies that enhance physical capital
formation are also important, as discussed in Bosworth and Collins (2003). This is
because physical capital formation can directly increase economic growth, as shown
by the ﬁrst result of this study, and also indirectly promote human capital formation
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and TFP growth through income growth as well as complementarities among physical
and human capital and international technological transfers. Our empirical results
imply that successful mobilization of domestic savings for physical capital
investments might have also induced the formation of human capital in Asian
economies, leading to Asia’s human capital rising substantially in later years
(Table A2.3 of Appendix 2). Moreover, according to our framework, interventions in
education and knowledge capital accumulation should target not only basic literacy
and numeracy but also technological and vocational training to build the capacity to
absorb foreign knowledge and technologies. For example, Godo and Hayami (2002)
emphasize the critical role of vocational education in Japan, which facilitated rapid
capital catching-up. These experiences of Asian economies over the past several
decades provide critical lessons for growth and development of latecomers.

V.

Concluding Remarks

In this study, we ﬁnd that while both accumulation and technological catching-up
processes worked almost similarly to accelerate growth and development worldwide
for the past 5 decades, such processes were more salient in Asia, which went through
three phases of catching-up: accumulation, imitation, and then innovation. In the
imitation and innovation phases of the technological catching-up process, human
capital formation played an indispensable complementary role in supporting the
catching-up process over the past several decades. Our results suggest that the
empirically supported growth effect of human capital formation in the canonical
neoclassical growth models may be attributed to technological diffusion based on
accumulated absorptive capacity as well as innovation capabilities. Such capacities can
be held by the technicians and engineers who can take design licenses or a foreign
technology to replicate a machine or a process. These ﬁndings highlight that
individuals, ﬁrms, and governments in Asia were critical in building a human capital
base of educated workers, engineers, scientists, and other researchers.
Our study has a few caveats. First, we focused on the role of human capital in
facilitating international technological transfers and own innovation. However, there
are other possible elements of technological catching-up such as purchasing licenses,
learning by exporting, FDI, conducting reverse engineering, receiving technical
cooperation aid, and setting up and supporting an ecosystem of technological adoption
and innovation by governments. Second, since we restricted our study to an aggregate
analysis, we are silent about the distributional consequences of catching-up and
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growth. To address unequal patterns and other heterogeneities of catching-up, it will be
imperative to employ long-term panel data of households and ﬁrms and to analyze
microlevel catching-up processes through the framework of accumulation versus
technology adoption. Third, identifying more concrete policy lessons from Asia’s
experiences will require evaluating speciﬁc programs to promote the absorptive
capabilities of technologies and own innovation. Finally, while Asia has been
successful in catching-up, further challenges for the region to continue innovating
and adopting new technologies remain, especially as economies recover from the
COVID-19 pandemic. We leave these remaining issues for future research.
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Appendix 1. Proof of Proposition 1
From equation (5), we obtain
k_
y_ i
x_
¼ α i ¼ αs ki k iα1  α i  α(ni þ δi þ g m ):
yi
ki
xi

ðA1Þ

From the log-linearization of the ﬁrst term on the right-hand side of equation (A1) and
using equation (11), we can rewrite equation (A1) as
 
y_ i
x_
k yi
¼ α(α  1)s i
ðA2Þ
(log ki  log k i )  α i :
yi
k i
xi
Using equation (11) again, we can rewrite equation (A2) as
y_ i
x_
¼ α(α  1)(ni þ δi þ g m )(log ki  log k i )  α i
yi
xi
_
x
i

¼ (α  1)(ni þ δi þ g m )(log yi  log y i )  α :
xi
Inserting equation (10) into equation (A3) yields equation (15).

(A3)
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Appendix 2. Data Description

Table A2.1.

List of Economies

Albania
Algeria
Angola
Arab Republic of Egypt
Argentina
Armenia
Australia
Austria
Bahrain
Bangladesh
Barbados
Belgium
Belize
Benin
Bolivia
Botswana
Brazil
Brunei Darussalam
Bulgaria
Burkina Faso
Burundi
Cambodia
Cameroon
Canada
Central African Republic
Chile
Colombia
Congo

Ecuador
El Salvador
Estonia
Ethiopia
Fiji
Finland
France
Gabon
Gambia
Germany
Ghana
Greece
Guatemala
Haiti
Honduras
Hong Kong, China
Hungary
Iceland
India
Indonesia
Iraq
Ireland
Islamic Republic of Iran
Israel
Italy
Jamaica
Japan
Jordan

Costa Rica
Côte d’Ivoire
Croatia
Cyprus
Czech Republic
D.R. of the Congo
Denmark
Dominican Republic

Kazakhstan
Kenya
Kuwait
Kyrgyz Republic
Lao PDR
Latvia
Lesotho
Liberia

Lithuania
Luxembourg
Macau, China
Madagascar
Malawi
Malaysia
Maldives
Mali
Malta
Mauritania
Mauritius
Mexico
Mongolia
Morocco
Mozambique
Myanmar
Namibia
Nepal
Netherlands
New Zealand
Nicaragua
Niger
Nigeria
Norway
Pakistan
Panama
Paraguay
People’s Republic
of China
Peru
Philippines
Poland
Portugal
Qatar
Republic of Korea
Republic of Moldova
Romania

Russian Federation
Rwanda
Saudi Arabia
Senegal
Serbia
Sierra Leone
Singapore
Slovakia
Slovenia
South Africa
Spain
Sri Lanka
Sudan
Swaziland
Sweden
Switzerland
Syrian Arab Republic
Taipei,China
Tajikistan
Tanzania
Thailand
Togo
Trinidad and Tobago
Tunisia
Turkey
Uganda
Ukraine
United Arab Emirates
United Kingdom
United States
Uruguay
Venezuela
Viet Nam
Yemen
Zambia
Zimbabwe

D.R. of the Congo ¼ Democratic Republic of the Congo, Lao PDR ¼ Lao People’s Democratic
Republic.
Source: Penn World Table, version 9.0.
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Descriptive Statistics

Observations

Mean

Standard Deviation

Minimum

Maximum

831
831
831
831
831
831

0.021
0.644
1.727
0.022
0.622
0.321

0.048
0.276
0.557
0.021
0.192
0.388

0.364
0.552
4.540
0.055
0.298
0.005

0.255
1.618
0.514
0.207
1.004
5.839

log( ~yt =~yt1 )
log( ~yt1 =At1 )
log s kt1
nt
~h t1 =~h t1, m
xt1

Note: These statistics are calculated based on 5-year averaged data for the 144 economies listed in
Table A2.1.
Source: Authors’ calculations.

Table A2.3.

Mean Values of Each Group in Different Periods
1950–1979

Variable
Annual economic growth rate
log( ~y=A)
log s k
n
~ h
~m
h=
x

1980–2014

Asia

ROW

Asia

ROW

0.043
0.435
1.418
0.018
0.580
0.326

0.023
0.616
1.679
0.026
0.541
0.497

0.033
0.662
1.278
0.007
0.800
0.407

0.016
0.572
1.585
0.019
0.688
0.375

Notes: Asia includes 11 Asian economies: the People’s Republic of China;
Hong Kong, China; Indonesia; Japan; the Republic of Korea; Malaysia; the
Philippines; Singapore; Thailand; Taipei,China; and Viet Nam. ROW means
the rest of the world, consisting of the other 133 economies in the sample.
After calculating the annual mean values of each economy in the period, we
compute the mean values of Asian economies and the rest of the world.
Source: Authors’ calculations.
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Appendix 3. Additional Estimation Results

Table A3.1.

Fixed Effects Estimation of the Uniﬁed Model Shown by
Equation (18) (With Restriction of s ¼ 1)

log( ~yt1 =At1 )
nt log( ~yt1 =At1 )
log s kt1

(1)

(2)

(3)

(4)

0.078***
(0.029)
0.637
(0.603)
0.009
(0.009)

0.095***
(0.031)
0.574
(0.605)
0.009
(0.009)

0.094
(0.667)
0.004***
(0.001)

0.079***
(0.029)
0.634
(0.606)
0.026
(0.036)
0.018
(0.036)
0.472
(0.621)
0.399
(0.534)
0.072
(0.669)
0.004***
(0.001)

0.260***
(0.057)

0.264***
(0.057)

0.013
(0.672)
0.014***
(0.003)
0.010***
(0.003)
0.087
(0.101)
0.429***
(0.128)

0.094***
(0.031)
0.583
(0.606)
0.024
(0.030)
0.016
(0.029)
0.129
(0.497)
0.041
(0.387)
0.023
(0.673)
0.015***
(0.003)
0.011***
(0.003)
0.091
(0.111)
0.433***
(0.136)

144
831

144
831

144
831

144
831

log s kt1  ROW
nt log s kt1

0.069
(0.319)

nt log s kt1  ROW
nt
(~h t1 =~h t1, m )(xt1 ) s
(~h t1 =~h t1, m )(xt1 ) s  ROW
(~h t1 =~h t1, m )
(~h t1 =~h t1, m )  ROW
Number of economies
Number of observations

0.089
(0.321)

Notes: The dependent variable is an economic growth rate. ROW is a dummy variable
for the rest of the world consisting of all economies except 11 Asian economies: the
People’s Republic of China; Hong Kong, China; Indonesia; Japan; the Republic of
Korea; Malaysia; the Philippines; Singapore; Thailand; Taipei,China; and Viet Nam. All
estimations include economy ﬁxed effects and a constant term. The numbers in
parentheses are robust standard errors clustered at the economy level. ***, **, and *
indicate the 1%, 5%, and 10% signiﬁcance levels, respectively.
Source: Authors’ calculations.
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Fixed Effects Estimation of the Uniﬁed Model Shown by
Equation (18) (With Restriction of s ¼ 1)

log( ~yt1 =At1 )
nt log( ~yt1 =At1 )
log s kt1

(1)

(2)

(3)

(4)

0.139***
(0.043)
0.486
(0.771)
0.011
(0.011)

0.141***
(0.043)
0.472
(0.773)
0.021
(0.044)
0.009
(0.043)
0.582
(0.724)
0.507
(0.629)
0.048
(0.859)
0.037*
(0.021)

0.159***
(0.043)
0.408
(0.748)
0.010
(0.011)

0.014
(0.834)
0.069
(0.120)
0.050
(0.120)
0.077
(0.126)
0.512***
(0.157)

0.159***
(0.043)
0.405
(0.750)
0.003
(0.034)
0.007
(0.034)
0.021
(0.574)
0.065
(0.455)
0.015
(0.835)
0.070
(0.121)
0.050
(0.121)
0.079
(0.129)
0.513***
(0.161)

144
831

144
831

log s kt1  ROW
nt log s kt1

0.068
(0.372)

nt log s kt1  ROW
nt
(~h t1 =~h t1, m )(xt1 ) s

0.091
(0.859)
0.038*
(0.022)

(~h t1 =~h t1, m )(xt1 ) s  ROW
(~h t1 =~h t1, m )

0.331***
(0.062)

0.337***
(0.062)

144
831

144
831

(~h t1 =~h t1, m )  ROW
Number of economies
Number of observations

0.086
(0.366)

Notes: The dependent variable is an economic growth rate. ROW is a dummy variable
for the rest of the world consisting of all economies except 11 Asian economies: the
People’s Republic of China; Hong Kong, China; Indonesia; Japan; the Republic of
Korea; Malaysia; the Philippines; Singapore; Thailand; Taipei,China; and Viet Nam. All
estimations include economy ﬁxed effects and a constant term. The numbers in
parentheses are robust standard errors clustered at the economy level. ***, **, and *
indicate the 1%, 5%, and 10% signiﬁcance levels, respectively.
Source: Authors’ calculations.
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I.

Introduction

In what is often characterized as the feminization of aging, the population share
has become increasingly female among older age groups in most countries, with
women on average having higher life expectancies than men due to a combination of
biological, social, and behavioral reasons (Kinsella, 2000). Cross-disciplinary research
has shed insight on the relatively greater difﬁculties for older women in meeting their
health-care needs, the importance of adult children in meeting the care needs of elderly
adults, and the relatively higher poverty rates for older women. Older women are more
vulnerable given their relatively higher rates of widowhood as well as insufﬁcient
pension support due to their shorter times in the workforce (Smeeding and Sandstrom,
2005).
Older women face additional constraints—including relatively lower health
insurance coverage, educational attainment, and economic autonomy—that have
limited their access to health care and their ability to pay for it (Brinda et al. 2015,
Zhang et al. 2017). Research from the United States indicates that women are less
likely than men to use hospital services and outpatient surgery, and some of that
gender difference is explained by differences in economic resources and health needs
(Song et al. 2006). Bias may also play a role. For example, in Karnataka, India, gender
discrimination and class bias were a factor inhibiting women’s access to network
hospitals (Karpagam, Vasan, and Seethappa, 2016). In Norway, care managers viewed
care from daughters as a substitute for formal care and were found to discriminate
against older women in providing health-care services; they did not discriminate
against older men (Jakobsson et al. 2016).
In some contexts, however, older women may be more likely to seek treatment
from formal providers than men. One explanation is that women are more likely to
report health problems and to have worse self-reported health status (Atchessi et al.
2018; Madyaningrum, Chuang, and Chuang, 2018; Case and Paxson, 2005). Another
possibility is that older women, especially those who are widowed, are less able to
receive informal care within the home, thus becoming more dependent on outside
sources of care. Evidence shows that families use their own unpaid labor, especially
that of women, to provide care for older family members (Stark, 2005). In Mexico, for
example, elderly people living with family members had lower hospitalization rates
than elderly who live alone (González-González et al. 2011). Unpaid care for older
men is often provided by spouses, while for women it is provided by other family
members, especially daughters, as documented for the Republic of Korea (Yoon,
2014), the People’s Republic of China (Chen et al. 2018), and Western Europe
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(Stark and Cukrowska-Torzewska, 2018). Given women’s longer life expectancies, in
most countries relatively more women are widowed than men, leaving women more
reliant on the formal care services. For example, in the United States, a large share of
out-of-pocket medical spending goes toward nursing facilities, and widowhood
accounts for about one-third of the gender gap in out-of-pocket medical expenses
(Goda, Shoven, and Slavov, 2013).
The research on health-care utilization among older women and men is relatively
sparse for low- and middle-income countries. This study helps to ﬁll the gap by
drawing on information about the health status of household members in two popular
surveys—the Demographic and Health Survey (DHS) and the Living Standards
Measurement Survey—to explore the factors associated with health-care-seeking
behavior among older women and men. Using nationally representative samples of adults
(aged 18 and above) for Cambodia, the Philippines, and Viet Nam, we examine the
determinants of illness and health-seeking behaviors, and how they differ by gender and
age, and we examine how the gender gap in health-seeking behavior changes as the
population ages. Uncovering gender differences in health outcomes and access to care is
crucial to ﬁne-tune policy reforms that address the needs of older adults in Southeast Asia,
especially in light of the increased risks of getting sick during the COVID-19 pandemic.

II.

Background

While Asia’s low- and middle-income countries still have relatively young
populations, projections show their demographic transitions are progressing rapidly,
with considerable shifts in age structures toward the elderly. These shifts have already
prompted legislative reforms to build and reinforce the social safety net to better
support older persons, especially those living in poverty. Most countries in South and
Southeast Asia have committed to achieving universal health care, a goal that is
incorporated in the Sustainable Development Goals (World Health Organization,
2019). Although many governments have implemented reforms focusing on the needs
of their aging populations, progress remains uneven depending on the size of public health
budgets (Mahal and McPake, 2017). The progress of reforms in our sample countries—
Cambodia, the Philippines, and Viet Nam—illustrates this diversity of experience.
A. Cambodia
The Government of Cambodia has implemented a comprehensive set of
reinforcements to its social safety net to address the long-lasting repercussions of the
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Khmer Rouge genocide, which led to enormous disruptions to family livelihoods,
social well-being, and economic prosperity. More than 40% of older adults surveyed in
the early 2000s had experienced the death of a child during the genocide, compared to
just 7% in the four-year period after the genocide (Zimmer et al. 2006). More than half
of the older adults surveyed lost a spouse during the Khmer Rouge period, with twothirds of women and one-third of men reporting the loss of a spouse. While
Cambodia’s men were subjected to a disproportionate amount of violence during the
Khmer Rouge regime, domestic violence against women appears to have increased
after the genocide (Rodgers, 2009). Women have faced additional gender-speciﬁc
constraints in meeting their health-care needs given the country’s patriarchal and
hierarchical social structure, which gives higher status to men and lower status to
unmarried women (United States Agency for International Development, 2016).
Although there is a widespread perception that Cambodia is a matrilineal society,
ethnographic studies suggest that the country has more of a bilateral social system in
which women have inﬂuence over social life but are subordinate to men in schooling,
access to resources, and decision-making power (Öjendal and Sedara, 2006).
In 2016, the Government of Cambodia committed to achieving universal health
coverage through its Social Health Protection Framework. Shortly thereafter, the
Ministry of Health announced it would place greater emphasis on the needs of the
elderly in its Third Health Strategic Plan, 2016–2020. The government has speciﬁcally
targeted the removal of sociocultural, ﬁnancial, and bureaucratic barriers to quality
health-care services among the elderly, and it has prioritized access to free or low-cost
health care. One step in that direction is the expansion of the so-called Health Equity
Fund schemes to provide vulnerable groups, including the elderly, with greater
protection against ﬁnancial risk.
B.

Philippines

Even though the Philippines still has a young population structure, projections in
Cruz, Cruz, and Saito (2019) indicate that by 2030 the Philippines will be an “ageing
society,” with over 10% of the population above the age of 60. In response, the
government has implemented a number of policies to protect the health and economic
security of older persons, including the 2019 Universal Health Care Law, which
guarantees equitable access for all Filipinos to quality health-care services at
affordable rates. The new law also enrolls all citizens in the national public insurance
program, PhilHealth, and provides free consultations and medical tests. Leading up to
this policy reform, older persons historically relied on their children for old-age
support, including ﬁnancial support for health expenditures. However,
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intergenerational transfers from adult children to their older parents have fallen over
time in the Philippines and in other Asian countries as children have found it less
necessary to provide support, and older persons have lowered their expectations of
receiving ﬁnancial support from their children (Marquez, 2019).
This pattern of declining intergenerational transfers may hurt older women more
than men as older women are more likely to rely on their children as the primary
caregiver when they are sick, while older men are more likely to rely on their spouses.
Previous evidence on gender differences in health among Filipino older persons yields
mixed results, with some disadvantages for women, including poorer dental hygiene,
greater rates of depression, and a higher incidence of self-reported pain. However,
men’s higher rates of smoking also result in higher rates of morbidity related to
smoking, and overall, there appear to be no substantial gender differences in disability
(Cruz, Cruz, and Saito, 2019).
C.

Viet Nam

In recent decades, the Government of Viet Nam has placed a heavy weight on
meeting the needs of vulnerable members of the population, reducing overall poverty,
and improving societal well-being. An important initiative includes the 2006 Law
on Gender Equality, which requires policy reforms that promote gender equality
across various dimensions, including universal enrollment in higher levels of
schooling, more rewarding labor market opportunities, and universal access to free
or low-cost health care. Another priority of the government is to strengthen the social
safety net of the older population. The elderly share of the total population is projected
to increase from 8.1% in 1999 to almost 20% by 2035 (United Nations Population
Fund, 2019).
The Government of Viet Nam has recognized the growing size of its elderly
population and has implemented a number of policy measures to address their needs.
These efforts include an Ordinance on Elderly People, passed in 2000, that contained
provisions for support and care for older people. In 2009, this ordinance was replaced
by a broader Law on the Elderly, which guaranteed the rights of older people, followed
three years later by the National Action Program on the Viet Nam Elderly, which
contained speciﬁc social targets, including health care and the promotion of “active
aging” (United Nations Population Fund, 2019). In 2014, the government instituted a
revised Law on Health Insurance that removed barriers to coverage faced by the poor
(Thuong, 2020), and it has since adopted additional resolutions to further address the
needs of the aging population.
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D.

Country Comparisons

The population pyramids in Figure 1 show the demographic structure of each
country in our sample, with the bars showing the percentage of the total population
that is male or female in a particular age group. For each country, the population is
concentrated in the younger age groups, which is consistent with other low- and
middle-income countries in the region. Strikingly, gender imbalances are progressively
skewed toward women in older age groups. For each country, the population structure
exhibits a statistically signiﬁcant variation by gender and ﬁve-year-interval age group.
The relatively young population in Cambodia reﬂects the impact of the Khmer Rouge
genocide. The Philippines, with its high birth rate, is also skewed toward the younger
population, although the 0–4 years age group has shrunk compared to the next group
up. In contrast, Viet Nam has a fairly even distribution of the population across age
groups until people reach their 60 s.
Looking at the data from another angle shows that most of the elderly in all three
countries are women. Figure 2 reports the male–female sex ratio by ﬁve-year cohorts
for each country; that is, the ratio of the number of men in each ﬁve-year age group to
the number of women, expressed as a percentage. Numbers close to 100 indicate that
Figure 1.

Population Pyramids by Country

Source: Authors’ calculations using data from the 2014 Cambodia Demographic and Health Survey, the 2017
Philippines Demographic and Health Survey, and the 2014 Viet Nam Household Living Standards Survey
(VHLSS).
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Population Sex Ratios by Country

Source: Authors’ calculations using data from the 2014 Cambodia Demographic and Health Survey, the 2017
Philippines Demographic and Health Survey, and the 2014 Viet Nam Household Living Standards Survey.

the shares of men and women in an age group are roughly the same. Only the youngest
age groups (19 and below) have more men than women in all three countries. These
ratios exhibit a marked drop for the older population groups, especially after the age of
50. For example, in Cambodia, the male–female ratio falls by almost 20 percentage
points between the 45–49 and 55–59 age groups, and in the Philippines, it declines by
an even greater amount between the 55–59 and 70–74 age groups. In Viet Nam, the
sharp drops do not appear until past the 65–69 age group. Overall, for the elderly,
which we deﬁne as age 60 and above, women make up the majority share of all age
groups, and the difference is particularly stark for those 70 and above. Despite the fact
that the Khmer Rouge violence disproportionately targeted men, the ratio is not as
skewed toward women in Cambodia as it is for the Philippines and Viet Nam.

III.

Conceptual Framework

This study’s estimation strategy is motivated by a health production model that
explains how various inputs impact the production of health through the demand for
health capital (Grossman, 2000). Health is considered a durable capital good in which
individuals gain utility from the use of time for which they are healthy. Individuals
want good health, but they cannot purchase it directly in the marketplace.
Instead, health is produced by combining time and medical inputs. Health is both a
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consumption and an investment good. Consumption of health makes people feel better
and is utility-generating. As an investment good, health increases the number of days
available to work. It is assumed that an individual is endowed with an initial stock of
health at birth that depreciates over time until death. Individuals can modify the rate of
depreciation of their health through various activities. Some activities, like exercise,
slow the rate of depreciation while others, like smoking, increase it. Individuals can
increase their time spent in the labor market and their productivity by increasing their
stock of health, which makes health investments a form of human capital investment.
In the basic Grossman model, an individual’s intertemporal utility function
depends on their health endowment, stock of health across time, and consumption of
other commodities. An individual’s net investment in their health stock over time is
their gross investment less the depreciation of their health stock, where the rate of
health depreciation is assumed exogenous and varies with age. An individual’s gross
investment in health depends on a vector of commodities purchased in the marketplace
that contribute to health, including medical care, the time that individuals invest in
their health, and on an individual’s exogenously determined stock of knowledge that
helps to improve the efﬁciency of household production. Aggregate consumption, in
turn, depends on the commodities purchased in the marketplace as well as time inputs
and the individual’s stock of knowledge. Individuals are assumed to choose the
intertemporal utility maximizing the level of health stock and aggregate consumption
in each period, subject to the net amount invested over time in health (including
depreciation) and subject to their total constraints. In equilibrium, the optimal quantity
of investment in each period determines the ideal quantity of health capital. Medical
care is rationed by its market price and indirect costs, so factors such as travel costs to
health-care facilities affect the cost of medical care and enter into the health production
function.
Grossman (2000) argues that health demand is inversely related to the shadow
price of health, which depends on the price of medical care plus indirect costs.
Changes in these variables change the optimal amount of health and will also impact
the demand for health inputs. This shadow price increases with age if the depreciation
rate on the stock of health increases over the course of the life cycle. In contrast, the
shadow price of health falls with years of schooling if more educated individuals are
more efﬁcient producers of health. The original model, however, does not differentiate
by gender of the individual. We posit that if women face social norms in which men
are prioritized in the allocation of scarce resources, this raises the shadow price of
health for women and reduces their health demand. We would then expect to see that
older women are less likely to seek formal health care than their male counterparts.
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However, when the elderly rely on informal sources of health care (especially from
their spouses), the shadow price of health can appear relatively high and result in lower
demand for formal sources. Given that older men in our sample countries are less
likely than older women to be widowed, we would expect to see that men are less
likely to seek formal health care than their female counterparts.

IV.

Data and Methodology

The analysis uses household-level data from the Demographic and Health
Surveys for Cambodia (2014) and the Philippines (2017), and the Viet Nam
Household Living Standards Survey (2014). The DHSs are large, nationally
representative household surveys that provide a wealth of information on population,
health, and nutrition in low- and middle-income countries. The DHSs for Cambodia
and the Philippines are unusual among the Asian DHS countries because they include
questions on recent sickness, injuries, and health-care-seeking behavior for all
members of the household, while other Asian DHS countries do not direct these
questions to all household members. The VHLSS also contains questions on sickness
and health-care-seeking behavior for all household members. The surveys covered
over 15,000 households in Cambodia; over 27,000 households in the Philippines; and
over 9,000 households in Viet Nam.
The questions on sickness and treatment-seeking behavior differ somewhat
across the three countries. The DHSs for Cambodia and the Philippines each have a
30-day reference period for when the family member was sick or injured, as opposed
to a 12-month reference period in the VHLSS. Although the DHSs for Cambodia and
the Philippines have identical sickness questions, the treatment-seeking questions
differ. In Cambodia, treatment seeking by the household member who was sick or
injured is speciﬁc to the reported illness or injury in the past 30 days. However, in the
Philippines, treatment seeking by the sick or injured household member can be for any
illness or injury on an outpatient basis in the past 30 days or hospital conﬁnement for
any illness or injury in the past 12 months. In the VHLSS, the sickness question is
speciﬁc to a “severe” sickness or injury, one that required bedrest or required the
person to stay home from work or school. Moreover, the treatment question in the
VHLSS includes seeking preventive care and is answered by all individuals surveyed
whether they reported sickness or not. In addition, the wealth index for Viet Nam is
constructed by the authors using expenditure data, while for Cambodia and the
Philippines, the wealth index variable is included in the survey data. More details on
the data sources and construction of the key variables are in the Appendix.
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The empirical strategy centers on a probit analysis of the likelihood that an older
adult will seek health-care services for an illness or injury, regressed on a range of
demographic and household characteristics. A selection model is needed to address
problems caused by the interaction of two types of selections effects. First, people who
are sick or injured are more likely to seek treatment. Second, some people who are not
sick will also seek treatment because they have an unobserved characteristic leading
them to seek treatment. Hence, the determinants of treatment seeking and the
unmeasured aspect of treatment are correlated in the selected sample, causing the
effects of the independent variable of interest to be underestimated unless the selection
is addressed. For each country, we estimate a maximum-likelihood probit model
with sample selection, which is effectively a Heckman-type selection model that
generates adjusted probabilities for seeking health-care treatment conditional on
having been sick.
The choice of a probit model with selection to estimate the determinants of
health-care-seeking behavior has precedent in a number of studies using DHS data for
other health outcomes, including contraceptive use (Tchuimi and Kamga, 2020),
maternal health care (Dixit et al. 2017), child survival (Oyekale, 2014), and HIV
prevalence (Clark and Houle, 2014). Similar to the notation in Clark and Houle
(2014), for the full sample estimation we express the outcome of health-care-seeking
behavior for individual i as follows:
h *i ¼ Xi Y þ "i ,
(
1 if h *i > 0,
hi ¼
0 otherwise:
In this case, h *i is an unobserved latent variable for seeking formal medical treatment,
which depends on the observed covariates Xi and the random error "i. We also estimate a
probit model for whether or not the person was sick or injured, which determines the
selection for treatment-seeking behavior. The selection model is as follows:
s *i ¼ X i β þ Zi γ þ θi ,
(
1 if s *i > 0,
si ¼
0 otherwise:
Here, s *i is an unobserved latent variable for the likelihood of getting sick, which
depends on the observed covariates Xi , the exclusion criteria Zi , and random error θi.
Health-care-seeking behavior hi is observed only when a person gets sick or injured
(si ¼ 1). We estimate both equations simultaneously as a sample-selection probit with
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 equal to the correlation between the error terms in the outcome equation ("i ) and the
selection equation (θi ). If  is statistically signiﬁcant, then the coefﬁcients on a simple
probit estimation of the outcome equation alone would be biased. The X i matrix
includes a host of control variables at the individual and household levels. The model
can also be estimated on subsamples of the data, which we do to better understand the
dynamics of the main results. For example, people living in poverty might be less
likely to report illness because their thresholds for reporting might be different than the
rich; and sometimes, a decision to be treated is likely to drive the decision to report an
illness. Our selection approach helps to address this point not only because
observations on treatment are only available for a selected sample that reports
sickness, but also because reporting sickness is not random with respect to treatment.
Estimating our model with subsamples based on household wealth will give us a more
precise indication of the extent to which the correlation between the error terms varies
by wealth, and hence, the extent to which selection (illness) is or is not random with
respect to treatment.
The set of explanatory variables in the sickness and treatment estimations
overlap; but we omit Zi from X i since identiﬁcation on functional form alone often
led to situations where the log-likelihood would not converge. In the analysis,
our omitted variable that meets the exclusion criterion is whether there is another
sick person in the household. One can reasonably argue that another sick person in
the household is likely to affect reporting illness, through either contagion
within the household or exposure to a common disease origin, but not whether
an individual seeks treatment. All statistical analyses are weighted to the population
using the sampling weights provided with either the DHSs or VHLSS. All
standard errors of the estimated coefﬁcients are corrected for clustering at the
household level.
Sample means are provided in the ﬁrst three tables. In Cambodia, 24.5% of
individuals aged 60 and above reported they were sick or injured in the past month,
compared to 13.7% of all adults (Table 1). Elderly women were substantially more
likely than men to report being sick or injured (26.7% versus 21.1%), but they were
less likely than men to seek medical treatment conditional on having been sick (71.7%
versus 74%). Notable gender differentials among the elderly include substantially
fewer years of schooling for women, a lower likelihood for women to be currently
married, a greater likelihood of living in a female-headed household for women, and
fewer older children (aged 6–17) present in the household for men.
In the Philippines, older people were more than twice as likely to report they had
gotten sick or injured in the past 30 days compared to the population of all adults,
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Table 1.

Sample Means for Cambodia, 2014

Variable
Seek treatment (% of sick)
Sick (%)
Female (%)
Age (years)
Education (years)
Currently married (%)
Widowed (%)
Separated or divorced (%)
Household members (number)
Young children in household (number)
Older children in household (number)
Female-headed household (%)
Urban (%)
Wealth index (index value)
Other person sick in household (%)
No. of observations

Full Sample Elderly
72.4
(44.7)
13.7
(34.4)
53.1
(49.9)
39.7
(16.2)
5.3
(4.2)
70.7
(45.5)
8.8
(28.3)
2.5
(15.5)
5.3
(2.3)
0.6
(0.8)
1.2
(1.2)
24.2
(42.8)
17.3
(37.8)
0.0
(1.0)
39.2
(48.8)
45,401

72.5
(44.7)
24.5
(43)
59.7
(49.0)
69.0
(7.5)
2.9
(3.3)
58.1
(49.3)
37.8
(48.5)
1.9
(13.7)
4.8
(2.3)
0.5
(0.7)
0.9
(1.1)
30.3
(46.0)
15.8
(36.5)
0:1
(0.9)
33.0
(47.0)
5,930

Elderly Women

Elderly Men

71.7
(45.1)
26.7
(44.3)
100.0
(0.0)
69.0
(7.5)
1.9
(2.7)
40.5
(49.1)
53.4
(49.9)
2.6
(16.0)
4.7
(2.3)
0.5
(0.7)
1.0
(1.2)
44.1
(49.7)
15.8
(36.5)
0:1
(0.9)
32.0
(46.6)
3,527

74.0
(43.9)
21.1
(40.8)
0.0
(0.0)
69.0
(7.4)
4.4
(3.6)
84.2
(36.4)
14.8
(35.5)
0.8
(9.0)
4.9
(2.4)
0.5
(0.8)
0.8
(1.1)
9.9
(29.9)
15.9
(36.6)
0.0
(0.9)
34.6
(47.6)
2,403

Notes: Sample statistics are weighted to the national level with sample weights. Standard deviations shown
in parentheses. The full sample includes all individuals aged 18 and above. Treatment seeking is as a share
of those reporting illness or injury only. Details on variable deﬁnitions are included in the Appendix.
Source: Authors’ calculations using the 2014 Cambodia Demographic and Health Survey.

and they were also more likely to seek treatment than the population at large (Table 2).
The incidence of the elderly seeking treatment in the Philippines (26.6%) is
considerably lower than in Cambodia (72.5%), which reﬂects differences across the
two countries in cultural norms around receiving care within the home from family
members as well as differences in out-of-pocket medical costs. Older women in the
Philippines are more likely to report a sickness or injury than older men, and they are
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Sample Means for the Philippines, 2017

Variable
Seek treatment (% of sick)
Sick (%)
Female (%)
Age (years)
Education (years)
Currently married (%)
Widowed (%)
Separated or divorced (%)
Household members (number)
Young children in household (number)
Older children in household (number)
Female-headed household (%)
Urban (%)
Wealth index (index value)
Other person sick in household (%)
No. of observations

IN

Full Sample

Elderly

Elderly Women

Elderly Men

24.3
(42.9)
12.3
(32.8)
49.8
(50.0)
40.7
(16.4)
10.2
(3.9)
63.7
(48.1)
6.9
(25.3)
3.9
(19.4)
5.0
(2.4)
0.5
(0.8)
1.2
(1.3)
18.7
(39.0)
47.1
(49.9)
0.3
(1.0)
36.1
(48.0)
72,785

26.6
(44.2)
25.3
(43.5)
56.4
(49.6)
69.0
(7.5)
8.2
(4.4)
59.2
(49.2)
32.6
(46.9)
3.1
(17.4)
4.2
(2.4)
0.3
(0.6)
0.8
(1.1)
27.8
(44.8)
42.7
(49.5)
0.4
(1.0)
29.6
(45.6)
11,288

27.4
(44.6)
25.8
(43.7)
100.0
(0.0)
69.4
(7.7)
8.1
(4.4)
45.5
(49.8)
45.6
(49.8)
3.2
(17.7)
4.1
(2.3)
0.3
(0.6)
0.7
(1.1)
45.2
(49.8)
43.0
(49.5)
0.4
(1.0)
28.0
(44.9)
6,267

25.5
(43.6)
24.7
(43.2)
0.0
(0.0)
68.4
(7.2)
8.2
(4.4)
76.8
(42.2)
16.0
(36.6)
3.0
(16.9)
4.3
(2.4)
0.3
(0.6)
0.8
(1.2)
5.2
(22.2)
42.2
(49.4)
0.3
(1.1)
31.5
(46.5)
5,021

Notes: Sample statistics are weighted to the national level with sample weights. Standard deviations shown in
parentheses. The full sample includes all individuals aged 18 and above. Treatment seeking is as a share of
those reporting illness or injury only. Details on variable deﬁnitions are included in the Appendix.
Source: Authors’ calculations using the 2017 Philippines Demographic and Health Survey.

also more likely to seek health-care treatment after getting sick than are older men.
Like Cambodia, older women are less likely to be married and far more likely to live in
a female-headed household than older men. However, the considerable gender gap in
schooling seen in Cambodia is noticeably absent in the Philippines, one of the few
low- and middle-income countries in which most cohorts of women have an advantage
over men in terms of education. In addition, the Philippines is conspicuous for having
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near-gender earnings parity—a rarity globally, not just for its income level (ADB,
2015; Zveglich, Rodgers, and Laviña, 2019).
Sample means for Viet Nam are somewhat different, partly due to its own
country context but also due to it having a different survey instrument. The elderly are
more likely to have reported an illness or injury than the overall population of adults,
and they are considerably more likely to have sought medical attention in the past year
(Table 3). Older women in Viet Nam are more likely to seek treatment compared to
Table 3. Sample Means for Viet Nam, 2014
Variable
Seek treatment (%)
Sick (%)
Female (%)
Age (years)
Education (years)
Currently married (%)
Widowed, separated, or divorced (%)
Household members (number)
Young children in household (number)
Older children in household (number)
Female-headed household (%)
Urban (%)
Per capita expenditure index (index value)
Other person sick in household (%)
No. of observations

Full Sample Elderly Elderly Women Elderly Men
21.4
(41.0)
6.9
(25.3)
52.2
(50.0)
43.2
(17.0)
8.4
(4.3)
71.9
(45.0)
10.0
(30.0)
4.3
(1.6)
0.4
(0.6)
0.7
(0.9)
23.9
(42.7)
35.1
(47.7)
0.0
(0.9)
15.5
(36.2)
25,632

43.0
(49.5)
14.1
(34.8)
58.5
(49.3)
70.9
(9.0)
5.8
(4.4)
61.2
(48.7)
36.6
(48.2)
3.8
(2.0)
0.3
(0.6)
0.5
(0.8)
30.8
(46.2)
34.1
(47.4)
0.0
(1.0)
14.5
(35.2)
4,165

44.2
(49.7)
13.9
(34.6)
100.0
(0.0)
71.7
(9.2)
4.5
(4.1)
44.0
(49.6)
52.7
(49.9)
3.8
(2.0)
0.3
(0.6)
0.5
(0.8)
44.9
(49.7)
33.3
(47.2)
0.0
(1.0)
14.1
(34.8)
2,434

41.3
(49.3)
14.4
(35.1)
0.0
(0.0)
69.7
(8.5)
7.6
(4.3)
85.4
(35.3)
13.9
(34.7)
3.9
(1.9)
0.3
(0.6)
0.4
(0.8)
11.0
(31.3)
35.1
(47.8)
0.0
(0.9)
15.1
(35.8)
1,731

Notes: Sample statistics are weighted to the national level with sample weights. Standard deviations
shown in parentheses. The full sample includes all individuals aged 18 and above. Treatment seeking
includes preventive care and is not conditional on having been sick or injured. Details on variable
deﬁnitions are included in the Appendix.
Source: Authors’ calculations using the 2014 Viet Nam Household Living Standards Survey.
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older men, but they are less likely than men to report that they were sick or injured.
Older women have less schooling than older men, are less likely than men to be
married, and are far more likely to live in female-headed households.

V.

Estimation Results

Results from the sample-selection probit estimations for the likelihood of getting
sick or injured are reported in Table 4. For each country, the table reports results from
two alternative models: (i) Model 1 has a parsimonious set of control variables in
which the wealth index (or per capita expenditure index in the case of Viet Nam) is
used to proxy for the household’s socioeconomic status; and (ii) Model 2 is the full
estimation in which a large number of household characteristics are added to measure
the household’s socioeconomic status. Both models are estimated with the full sample
of all adults to maximize the sample size.
In Table 4, the main result is that, across countries and models, women are more
likely to report a sickness or injury than men, and the difference is meaningful and
statistically signiﬁcant. Some of this result could be explained by a pattern observed
elsewhere in which women have worse self-assessed health than men (Case and
Paxson, 2005). Also across countries, the likelihood of getting sick or injured increases
with age, which seems fairly intuitive given that the elderly are more vulnerable to
diseases of various kinds. The likelihood of getting sick or injured decreases with the
total number of household members, a result that is robust across models and countries
and may be explained by positive spillover effects among household members in
preventive health behaviors. As expected, having another sick family member present
increases the likelihood that someone reports an illness. This variable, which satisﬁes
the exclusion restriction in the sample-selection probit estimation, is statistically
signiﬁcant across countries and models. There are no other results that are consistent in
sign and statistically signiﬁcant across models in all three countries. Table 4 also
reports the cross-equation correlation () in the error terms for the regressions for
getting sick and seeking treatment.1 These are positive and statistically signiﬁcant for
both Cambodia and the Philippines, which supports our use of a sample-selection
probit rather than a simple probit estimation. For Viet Nam this term is not statistically

1To improve the computation of the maximum-likelihood estimates, Stata calculates the inverse
hyperbolic tangent of , which is equal to [ln(1 þ )  ln(1  )]=2, instead of  itself. The discussion of
signiﬁcance is based on the estimates of the transformed parameter and its standard error, as reported in
Table 4.

0.225***
(0.020)
0.014***
(0.001)
0:015***
(0.003)
0.043
(0.033)
0.029
(0.050)
0.220***
(0.059)
0:055***
(0.008)
0:007
(0.017)
0.040***
(0.012)

Female

Older children in household

Young children in household

Household members

Separated or divorced

Widowed

Currently married

Education

Age

Model 1
0.231***
(0.020)
0.015***
(0.001)
0:012***
(0.003)
0.041
(0.033)
0.024
(0.050)
0.209***
(0.059)
0:050***
(0.008)
0:016
(0.018)
0.033***
(0.012)

Model 2

Cambodia

0.090***
(0.019)
0.016***
(0.001)
0:002
(0.003)
0:024
(0.033)
0.073
(0.046)
0:059
(0.051)
0:048***
(0.009)
0:070***
(0.017)
0:004
(0.011)

Model 1
0.091***
(0.019)
0.016***
(0.001)
0:003
(0.003)
0:022
(0.033)
0.070
(0.046)
0:056
(0.051)
0:044***
(0.008)
0:073***
(0.017)
0:004
(0.011)

Model 2

Philippines

0:056***
(0.011)
0.094***
(0.025)
0.033*
(0.019)

0.081***
(0.027)
0.015***
(0.001)
0:006
(0.004)
0.003
(0.049)
0:018
(0.069)

Model 1

Continued.

0:044***
(0.012)
0.091***
(0.025)
0.028
(0.019)

0.090***
(0.028)
0.016***
(0.001)
0.001
(0.004)
0.005
(0.050)
0:027
(0.070)

Model 2

Viet Nam

Sample-Selection Probit Estimates for Likelihood of Reporting Sickness or Accident

Variable
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0.002
(0.026)
0.136***
(0.045)
0.035*
(0.021)
0.111***
(0.021)
No
1:614***
(0.062)
2.222***
(0.294)
45,401

Female-headed household

No. of observations

0:026
(0.034)
0:076**
(0.034)
0:034*
(0.020)
0.548***
(0.045)
No
2:085***
(0.081)
0.235
(0.213)
25,632

Model 1

0.541***
(0.045)
Yes
2:048***
(0.125)
0.219
(0.208)
25,632

0:023
(0.035)
0:036
(0.037)

Model 2

TO

Notes: Results are coefﬁcients from the sickness equation in the sample-selection probit regressions using the full sample, weighted to the
national level with sample weights. Model 1 is a parsimonious model that excludes a range of additional household and wealth
characteristics, while Model 2 replaces the wealth or per capita expenditure index with a set of variables covering ownership of assets and
quality of housing. For Viet Nam, the dummy variable for widowed includes divorced or separated. Standard errors, in parentheses, are
corrected for clustering at the household level. Stata estimates a transformation of  (inverse hyperbolic tangent) for computational efﬁciency,
and tests of statistical signiﬁcance are based on the transformed variable. The notation *** denotes p < 0:01, ** denotes p < 0:05, and
* denotes p < 0:10.
Source: Authors’ calculations.

0.535***
(0.026)
Yes
1:656***
(0.109)
1.037***
(0.157)
72,785

0:039
(0.034)
0.022
(0.035)

Model 2

Viet Nam

ACCESS

Inverse hyperbolic tangent of 

0:038
(0.035)
0.011
(0.034)
0:089***
(0.017)
0.550***
(0.026)
No
1:815***
(0.068)
0.984***
(0.149)
72,785

0:004
(0.026)
0.144***
(0.040)

0.107***
(0.020)
Yes
1:682***
(0.071)
2.150***
(0.264)
45,401

Model 1

Model 2

Philippines

IN

Additional controls
Constant

Other person sick in household

Wealth or per capita expenditure index

Urban

Model 1

Variable

Cambodia

Table 4.Appendix. Continued.
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signiﬁcant, which is not surprising given that the treatment-seeking question was not
directly linked to illness and the reference period in the survey is much longer (12
months versus 30 days).
Results from the sample-selection probit estimations for the likelihood of getting
treatment after having been sick or injured are reported in Table 5. Model 1 uses the
parsimonious set of controls, including the household wealth index or per capita
expenditure index, while Model 2 uses the larger set of controls for household
socioeconomic status. Estimations are again reported for the full sample of adults. The
most important result is that women in Cambodia and the Philippines are more likely
than men to seek health-care treatment when they are sick or injured, and the
difference is statistically signiﬁcant. This result most likely reﬂects women’s relatively
lower access to informal sources of care from other family members. In Viet Nam,
however, women are less likely than men to seek treatment after having become sick
or injured. A possible reason is that women in Viet Nam face greater stigma and
discrimination than men in seeking care for diseases such as HIV/AIDS and
tuberculosis, and they are more reluctant than men to seek care from formal sources
(Govender and Penn-Kekana, 2008, Van Minh et al. 2018). Across countries,
individuals are more likely to seek treatment as they age, which is as expected. There
are no other common patterns that are statistically signiﬁcant across countries.
As a robustness check to further address the concern that the exclusion restriction
may not be valid (that is, another person sick in the household may indeed determine
treatment-seeking behavior), we estimated the sample-selection probit regressions with
the variable “other person sick in household” included in both the treatment and
sickness equations, effectively relying on nonlinearity for identiﬁcation. In this case,
the coefﬁcient on “other person sick in household” is statistically signiﬁcant in the
sickness equation, but not in the treatment equation, for Cambodia and the Philippines,
thus supporting our identiﬁcation strategy. However, it is statistically signiﬁcant for
Viet Nam, but this may be related to the fact that treatment seeking includes preventive
care. Interestingly, when the sample-selection probit regression for Viet Nam is
estimated relying on nonlinearity for identiﬁcation, the estimated  parameter becomes
statistically signiﬁcant, suggesting that controlling for selection bias is warranted. In
this robustness check, our main conclusions regarding the negative coefﬁcient for
female and the positive coefﬁcient for age in the treatment-seeking estimation for Viet
Nam still hold.
We next used the probit coefﬁcients to construct predicted probabilities of
treatment seeking by sex and age, using the variable means for each sample country.
As shown in Figure 3, the predicted probability of seeking treatment rises with age for

0.202***
(0.025)
0.012***
(0.001)
0:010***
(0.004)
0.084*
(0.044)
0.075
(0.062)
0.225***
(0.067)
0:040***
(0.009)
0.012
(0.020)
0.029**
(0.013)

Female

Older children in household

AMONG THE

Continued.

0:073*
(0.038)
0:155*
(0.094)
0.012
(0.058)

0:369***
(0.084)
0.020***
(0.004)
0.009
(0.012)
0:507***
(0.183)
0:794***
(0.245)

0:370***
(0.084)
0.016***
(0.004)
0:009
(0.010)
0:505***
(0.181)
0:767***
(0.240)

0:048
(0.036)
0:194**
(0.094)
0.014
(0.058)

Model 2

Model 1

HEALTH CARE

Young children in household

0.095***
(0.037)
0.011***
(0.001)
0.000
(0.005)
0.085
(0.054)
0.047
(0.081)
0:151
(0.093)
0.002
(0.014)
0:062**
(0.031)
0:007
(0.021)

Model 2

TO

Household members

0.095**
(0.038)
0.011***
(0.001)
0.002
(0.005)
0.086
(0.055)
0.050
(0.083)
0:154
(0.095)
0.001
(0.013)
0:059*
(0.030)
0:005
(0.022)

Model 1

Viet Nam

ACCESS

Separated or divorced

Widowed

0.206***
(0.026)
0.012***
(0.001)
0:010***
(0.004)
0.076*
(0.045)
0.073
(0.063)
0.218***
(0.068)
0:043***
(0.009)
0.012
(0.020)
0.029**
(0.013)

Model 2

Philippines

IN

Currently married

Education

Age

Model 1

Variable

Cambodia
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0:001
(0.050)
0:022
(0.041)
0:034
(0.026)
No
2:312***
(0.124)
9,231

Model 1

Yes
2:433***
(0.127)
9,231

0:001
(0.047)
0:019
(0.041)

Model 2

Philippines

0.224**
(0.113)
0:206**
(0.105)
0.042
(0.069)
No
0.813
(0.587)
25,632

Model 1

Yes
0.971
(0.692)
25,632

0.219*
(0.117)
0:077
(0.112)

Model 2

Viet Nam

Notes: Results are coefﬁcients from the treatment-seeking equation in the sample-selection probit regressions using the full sample, weighted
to the national level with sample weights. Number of observations refers to the nonmissing responses to treatment-seeking questions in the
survey. Model 1 is a parsimonious model that excludes a range of additional household and wealth characteristics, while Model 2 replaces
the wealth or per capita expenditure index with a set of variables covering ownership of assets and quality of housing. For Viet Nam, the
dummy variable for widowed includes divorced or separated. Standard errors, in parentheses, are corrected for clustering at the household
level. The notation *** denotes p < 0:01, ** denotes p < 0:05, and * denotes p < 0:10.
Source: Authors’ calculations.

No. of observations

Additional controls
Constant

Wealth or per capita expenditure index
Yes
1:735***
(0.090)
5,860

0:041
(0.029)
0:074
(0.048)

0:036
(0.028)
0:063
(0.050)
0.006
(0.021)
No
1:692***
(0.075)
5,860

Female-headed household

Urban

Model 2

Model 1

Variable

Cambodia

Table 5.Appendix. Continued.
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Predicted Probabilities of Treatment Seeking by Sex and Age

CAM ¼ Cambodia, PHI ¼ Philippines, VIE ¼ Viet Nam.
Source: Authors’ calculations using data from the 2014 Cambodia Demographic and Health Survey, the 2017
Philippines Demographic and Health Survey, and the 2014 Viet Nam Household Living Standards Survey.

each country. At every age group these probabilities are the highest for Viet Nam,
likely reﬂecting the inclusion of preventive care in the underlying data, and the lowest
for the Philippines. The relatively high predicted probabilities in seeking health care in
Viet Nam also reﬂect the country’s emphasis on socialized medicine. Women’s
predicted probabilities are greater than those of men for every age group in Cambodia
and the Philippines, but the opposite holds true for Viet Nam.
In Viet Nam, the male–female gap in the probability of seeking care shrinks with
age, suggesting that any possible constraints that women face (such as stigma and
discrimination) are less of an issue as women age (Figure 4). Men are more likely to
seek treatment than women, and the 90% conﬁdence interval remains above zero for
all age groups. In contrast, the gender treatment gap favors women of all ages in
Cambodia and the Philippines, and this is statistically signiﬁcant throughout based on
the 90% conﬁdence interval. Hence, in Cambodia and the Philippines, women exhibit
increasingly higher predicted probabilities of seeking health care than men as they age.
To better understand the mechanisms through which these effects on treatmentseeking behavior operate, we conducted a set of regressions using different subsamples
in which individuals vary by age, household location, and wealth. These results are
found in Table 6, which reports only the coefﬁcients on the female and age variables
from the treatment-seeking equation. For the sake of reference, the full-sample results
are repeated in the ﬁrst column for each country. The next two columns show that for
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Figure 4. Gender Gap (Male–Female) in Predicted Probabilities of Treatment Seeking

Source: Authors’ calculations using data from the 2014 Cambodia Demographic and Health Survey, the 2017
Philippines Demographic and Health Survey, and the 2014 Viet Nam Household Living Standards Survey.

all three countries, the coefﬁcient on the female variable is imprecisely estimated in the
subsample of elderly individuals, and it is smaller in magnitude compared to the
female coefﬁcient for the working-age population. This lack of precision is being
driven by the small sample size for the elderly subsample. When we have the statistical
power of the full sample, as in Figure 4, we see that the gender probability gap in
seeking treatment is statistically signiﬁcant for all age groups, such that it favors
women of all ages in Cambodia and the Philippines, and it favors men of all ages in
Viet Nam. A similar conclusion about imprecise estimates for the small elderly
subsample in Table 6 is made about the coefﬁcient on the age variable: for each
country, it is estimated with less precision and has a smaller magnitude in the
subsample of elderly individuals compared to the working-age population.
In the case of household location, we ﬁnd that the baseline results we have for
age and gender effects in seeking health-care treatment hold regardless of whether the
individual lives in an urban or rural area. The coefﬁcients on female and age are
comparable in magnitude and sign across the urban and rural subsamples, although in
the Philippines, the estimate for being female does lose its statistical signiﬁcance for
urban areas. In contrast, results vary depending on whether a household is wealthy or
not, especially in Cambodia. In Cambodia, our main conclusion that women and age
have a positive association with health-care-seeking behavior only holds for the

0:376***
(0.097)
0.014***
(0.004)
17,802

0:397**
(0.167)
0.019***
(0.007)
7,830

0.044
(0.074)
0.007***
(0.003)
2,794

0.260***
(0.054)
0.016***
(0.002)
1,703

Urban

0:527***
(0.131)
0.005
(0.005)
10,586

0.170***
(0.057)
0.013***
(0.002)
4,446

0:162***
(0.059)
0:010***
(0.002)
2,180

Lowest 40%

0:155
(0.147)
0.030***
(0.006)
9,735

0.063
(0.064)
0.007***
(0.003)
2,925

0.191***
(0.052)
0.011***
(0.002)
2,703

Highest 40%

Notes: Results are coefﬁcients from the treatment-seeking equation in the sample-selection probit regressions using the full sample and six
subsamples, weighted to the national level with sample weights. Number of observations refers to the nonmissing responses to treatment-seeking
questions in the survey. All regressions are based on the parsimonious model (Model 1 in Tables 4 and 5). Results using the full set of controls are
similar. Standard errors, in parentheses, are corrected for clustering at the household level. The notation *** denotes p < 0:01, ** denotes p < 0:05,
and * denotes p < 0:10.
Source: Authors’ calculations.

0:100
(0.173)
0:010
(0.013)
4,165

0.115***
(0.036)
0.014***
(0.001)
6,437

0.200***
(0.026)
0.011***
(0.001)
4,157

Rural

HEALTH CARE

No. of observations

Age

0:345***
(0.102)
0.022***
(0.005)
21,467

0.028
(0.082)
0.001
(0.004)
2,909

0.079
(0.075)
0.008*
(0.004)
1,403

Elder (60+)

Wealth Percentile

TO

0:370***
(0.084)
0.016***
(0.004)
25,632

0.109***
(0.040)
0.011***
(0.002)
6,322

0.226***
(0.027)
0.013***
(0.001)
4,457

Working Age (18–59)

Household Location

ACCESS

Viet Nam
Female

No. of observations

0.095**
(0.038)
0.011***
(0.001)
9,231

0.202***
(0.025)
0.012***
(0.001)
5,860

Base

Age Group

Sample-Selection Probit Estimates for Likelihood of Seeking Treatment across Subsamples:
Coefﬁcients on Female and Age Variables

IN

Age

Philippines
Female

No. of observations

Age

Cambodia
Female

Country or Variable

Table 6.
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wealthy (as deﬁned by the top 40% of the income distribution). Among the least
wealthy, women and older individuals in Cambodia are less likely to seek treatment.
These different results for the lowest and highest income groups are consistent with
earlier ﬁndings that a substantial proportion of the poor in Cambodia still seek health
care at private providers, where they incur relatively high out-of-pocket expenses,
rather than public providers (Jacobs et al. 2018). These high expenses would be even
more of a deterrent for the most vulnerable of the poor, including women and the
elderly.
For the Philippines and Viet Nam, the baseline results from the full sample still
hold across the wealthy and least wealthy subsamples in terms of magnitude and sign,
but some of the coefﬁcients lose their statistical signiﬁcance. For the Philippines in
particular, the robust result of a positive coefﬁcient on age for both the lowest and the
highest wealth percentiles is consistent with the results in Siongco, Nakamura, and
Seino (2020) showing that socioeconomic inequalities among the elderly in healthcare utilization have declined since the early 2000s.

VI. Conclusion
This study has explored the determinants of sickness and health-care-seeking
behavior in Southeast Asia, with a focus on the needs of the aging population and
gender differences in how those needs are met. We used recent household surveys for
Cambodia, the Philippines, and Viet Nam to estimate a sample-selection probit model
that controls for sample selection. In the tests for gender differences in sickness and
treatment-seeking behavior, results show that across countries, women are more likely
to report a sickness or injury than men, and the difference is meaningful and
statistically signiﬁcant. In addition, women are also more likely than men to seek
treatment in Cambodia and the Philippines. These results are consistent with
predictions from the theoretical model that older women have a lower shadow price
than men of formal medical care because they have relatively fewer informal sources
of care within the home.
However, the opposite is true in Viet Nam, where being a woman is negatively
associated with health-care-seeking behavior. In this case, a context of gender bias and
social norms against women in seeking treatment appears to be raising the shadow
price of care from formal providers for women. A possible reason is that women in
Viet Nam face relatively more stigma and discrimination than men in seeking
treatment for some communicable diseases, an argument supported by previous
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research (Govender and Penn-Kekana, 2008, Van Minh et al. 2018). Our results
are also supported by the ﬁndings in Van Nguyen et al. (2017) that elderly women in
Viet Nam have a relatively lower health status than elderly men.
Separate regressions using subsamples of working-age and elderly individuals
indicate that in all three countries these gender effects in seeking treatment are driven
more by women of working age. Also, across all three countries, adults are more likely
to get sick and to seek treatment as they age, a result that does not come as a surprise.
Our computations of predicted probabilities show that in Viet Nam the male–female
gap in the probability of seeking treatment becomes smaller with age, suggesting that
the constraints that women face seeking care become less important with age. In
Cambodia and the Philippines, older women exhibit increasingly higher predicted
probabilities of seeking health care than older men as they age.
Our results point to surprisingly low probabilities of seeking treatment in the
Philippines and Cambodia, yet both these countries have made efforts in recent years
to reinforce their social safety nets to better meet the needs of elderly people, and they
have committed to providing universal health care. In the Philippines, even though
about 90% of the population is covered by the social health insurance plan
(PhilHealth), the utilization rate is estimated to be as low as 4% (Banaag, Dayrit, and
Mendoza, 2019). Among the possible explanations are low rates of seeking hospital
care among the poor due to burdensome hospitalization expenses even with PhilHealth
coverage, as well as the scarcity of health personnel and facilities in remote and
isolated areas. In Cambodia, despite the government’s commitment to providing
universal health coverage and its establishment of a new third-party-payer mechanism
designed to eliminate ﬁnancial barriers to public health facilities, only about 20% of
the population is covered by the new initiative, while the rest of the population remains
uncovered (Asante et al. 2019). Understanding the reasons for fairly low take-up of
formal health-care services and gender differences in access to care is crucial to
designing policies to better meet the needs of older persons in Asia, especially in light
of the increased risks of getting sick during the COVID-19 pandemic.
In contrast, the considerably higher rates of treatment-seeking behavior that we
found in our study for Viet Nam reﬂect not only the fact that the underlying measure
includes preventive health care, but also Viet Nam’s long history of socialized
medicine. This institutional context thus appears to be driving the relatively high
probabilities that individuals seek health-care services from professional providers.
However, Viet Nam’s sizable male–female gap in health-care-seeking behavior points
to constraints faced by women that prevent them from taking advantage of policies
that Viet Nam has implemented to make quality health-care services more
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readily available. If we are correct that stigma and discrimination in seeking treatment
are contributing to this gap, programs and policies that adjust these types of attitudes
and gender norms will go a long way to eliminate health inequities in Viet Nam.
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Binary variable equal to 1 if a person
reported having an illness or injury in
the 30 days prior to the time of the
survey.

Philippine Statistics Authority and
ICF. 2018. Philippines National
Demographic and Health Survey
2017. Quezon City, Philippines and
Rockville, Maryland, US: Philippine
Statistics Authority and ICF.

Philippines
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AMONG THE

Note: Treatment-seeking response
may relate to a different ailment than
the severe illness or injury that
deﬁnes the sickness variable.

Binary variable equal to 1 if a person
received medical treatment from
formal medical professional in the 12
months prior to the time of the survey.

HEALTH CARE

Binary variable equal to 1 if a person
sought treatment from a formal
medical professional for the reported
illness or injury.

TO

Note: According to the survey, an
illness or injury is “severe” if the
person was bedridden and needed a
caregiver or if they had to stop
work, study, or other usual activities.

Binary variable equal to 1 if a
person reported having a severe
illness or injury in the 12 months
prior to the time of the survey.

General Statistics Ofﬁce, Viet Nam
Ministry of Planning and Investment.
2015. Viet Nam Household Living
Standards Survey 2014. Ha Noi, Viet
Nam: General Statistics Ofﬁce.

Viet Nam

ACCESS

Binary variable equal to 1 if a person
that reported illness or injury either
sought treatment from a formal
medical professional for any illness or
injury on an outpatient basis in the 30
Note: Survey question is only asked of
days prior to the survey or was
those reporting illness or injury in the
conﬁned to a hospital for any illness or
last 30 days.

Binary variable equal to 1 if a person
reported having an illness or injury in
the 30 days prior to the time of the
survey.

National Institute of Statistics,
Directorate General for Health, and
ICF. 2015. Cambodia Demographic
and Health Survey 2014. Phnom Penh,
Cambodia and Rockville, Maryland,
US: National Institute of Statistics,
Directorate General for Health, and
ICF.
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Sought treatment

Dependent Variables
Sickness

Data Source
Dataset

Item

Appendix. Data Sources and Variable Deﬁnitions

GENDER DIFFERENCES
ELDERLY 87

injury in the 12 months prior to the
time of the survey.
Note: Treatment-seeking response may
relate to a different illness or injury
than the one deﬁning the sickness
variable.

Philippines

Viet Nam

Binary variables equal to 1 if the
Binary variables equal to 1 if the
Binary variables equal to 1 if the
marital status of the person at the time marital status of the person at the time marital status of the person at the
time of the survey was:
of the survey was:
of the survey was:
(1) never married (omitted),
(1) never married (omitted),
(1) never married (omitted),
(2) married,
(2) married,
(2) married,
(3) separated, divorced, or widowed.
(3) widowed,
(3) widowed,

Marital status

Note: Actual years for those who
completed 12 years or less of
schooling (up to higher secondary
school), 14 years for college graduates
(including other tertiary), 16 years
for university, 18 years for master’s
degree, and 20 years for doctorate.

Note: For persons with missing years
of schooling but whose last schooling
level attended was known, missing
values were replaced with the sample
average of years for the indicated
schooling level.

Formal schooling completed in years
at the time of the survey.

Formal schooling completed in years
at the time of the survey.

Age of the person in years at the
time of the survey.

Formal schooling completed in years
at the time of the survey.

Note: Age top code is 95, and unknown Note: Age top code is 95, and unknown
age is coded as “98” in the survey data. age is coded as “98” in the survey data.

Age of the person in years at the time Age of the person in years at the
time of the survey.
of the survey.

Binary variable equal to 1 if a person is Binary variable equal to 1 if a person Binary variable equal to 1 if a
a woman.
is a woman.
person is a woman.

Cambodia

Education

Age

Personal Characteristics
Female

Item

Appendix. Continued.

88 ASIAN DEVELOPMENT REVIEW

Binary variable equal to 1 if the
residence is in an urban area.

Score on the standardized wealth index. Score on the standardized wealth index. Not available.

Urban

Wealth index

Note: The wealth index—which is
derived from the information on
ownership of selected assets and
indicators of housing, water, and
toilet facility quality—is used as a
proxy for relative income or
expenditure.

Continued.

TO

Binary variable equal to 1 if the
residence is in an urban area.

ACCESS

Binary variable equal to 1 if the
residence is in an urban area.

IN

Note: The wealth index—which is
derived from the information on
ownership of selected assets and
indicators of housing, water, and
toilet facility quality—is used as a
proxy for relative income or
expenditure.

Binary variable equal to 1 if the head Binary variable equal to 1 if the head Binary variable equal to 1 if the head
of household is a woman.
of household is a woman.
of household is a woman.

Number of survey respondents aged
6–17 within the household.

Female-headed household

Number of survey respondents aged
6–17 within the household.

Number of survey respondents aged
6–17 within the household.

Number of survey respondents aged
0–5 within the household.

Number of household members,
based on survey response.

Note: Cell size for elderly subsample
was insufﬁcient to have a separate
category for persons that are
separated or divorced.

Viet Nam

Older children in household

Number of survey respondents aged
0–5 within the household.

Note: Replaced by the number of people
currently living in the household if there
were zero usual household members.

Number of people who usually live
in the household.

(4) separated or divorced.

Philippines

Number of survey respondents aged
0–5 within the household.

Number of people who usually live
in the household.

(4) separated or divorced.

Cambodia

Young children in household

Household Characteristics
Total household size

Item
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Consumer durables

Note: Household may respond
positively to more than one type of
consumer durable.

Area of agricultural land owned in
hectares.
Binary variable equal to 1 if any
member of the household owns a
speciﬁed consumer durable:
(1) radio,
(2) television,
(3) CD or DVD player,
(4) mobile phone,
(5) ﬁxed-line phone,
(6) refrigerator,
(7) sewing machine or loom,
(8) wardrobe,
(9) watch.

Area of agricultural land owned in
hectares.
Binary variable equal to 1 if any
member of the household owns a
speciﬁed consumer durable:
(1) radio,
(2) audio component or karaoke,
(3) television,
(4) DVD player,
(5) cable television service,
(6) mobile phone,
(7) ﬁxed-line phone,
(8) computer,
(9) air conditioner,
(10) refrigerator,
(11) washing machine,
(12) watch.

Binary variable equal to 1 if any other
person in the household (other than the
respondent) reported an illness or
injury, based on the deﬁnition of the
sickness variable.

Binary variable equal to 1 if any other
person in the household (other than the
respondent) reported an illness or
injury, based on the deﬁnition of the
sickness variable.

Other sick person in
household (sickness equation
only)

Detailed Wealth Indicators
Agricultural land area

Not available.

Philippines

Not available.

Cambodia

Per capita expenditure index

Item
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Area of agricultural land owned in
hectares.
Binary variable equal to 1 if any
member of the household owns a
speciﬁed consumer durable:
(1) radio,
(2) audio components,
(3) television,
(4) DVD player,
(5) mobile phone,
(6) ﬁxed-line phone or fax,
(7) computer,
(8) printer,
(9) camera or video recorder,
(10) air conditioner,
(11) refrigerator,
(12) oven or microwave,
(13) gas, magnetic, or electric cooker,
(14) water pump,

Binary variable equal to 1 if any
other person in the household (other
than the respondent) reported an
illness or injury, based on the
deﬁnition of the sickness variable.

Note: Nominal per capita expenditure
series standardized to put it on a
scale similar to the wealth index.

Score on the standardized per capita
expenditure index.

Viet Nam
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Binary variable equal to 1 if any
member of the household owns a
form of motorized transport.

Note: Household may respond
positively to more than one type of
consumer durable.

Philippines
water heater,
washing machine or dryer,
sewing machine,
large furniture item.

Binary variable equal to 1 if any
member of the household owns a
form of motorized transport.

Note: Household may respond
positively to more than one type of
consumer durable.

(15)
(16)
(17)
(18)

Viet Nam

Binary variable equal to 1 if either
water is from an improved source or
water for drinking is bottled or from
a reﬁlling station and water cooking
Note: Improved water sources include
and handwashing are from an
piped water into dwelling, yard, or
improved source.
plot; public taps or standpipes; tube
wells or boreholes; protected dug wells

Water quality

Binary variable equal to 1 if living
accommodations have the given
characteristics:
(1) grid-connected electricity,
(2) ﬁnished walls.

AMONG THE

Continued.

Note: Improved water sources
include piped water reaching the
house, public taps, drilled wells,
protected dug wells and streams,
and rainwater.

HEALTH CARE

Binary variable equal to 1 if water
is from an improved source.

TO

Binary variable equal to 1 if water is
from an improved source in both dry
and wet seasons.

ACCESS

Note: Household may respond
positively on multiple housing
Note: Household may respond positively Note: Household may respond positively quality indicators.
on multiple housing quality indicators.
on multiple housing quality indicators.

Binary variable equal to 1 if living
accommodations have the given
characteristics:
(1) grid-connected electricity,
(2) ﬁnished ﬂoor,
(3) ﬁnished walls,
(4) ﬁnished rooﬁng.

Binary variable equal to 1 if living
accommodations have the given
characteristics:
(1) grid-connected electricity,
(2) ﬁnished ﬂoor,
(3) ﬁnished walls,
(4) ﬁnished rooﬁng.

Note: Motorized transport includes
Note: Motorized transport includes
Note: Motorized transport includes
car or truck, motorcycle or scooter, or car, motorcycle, or boat with a motor.
car or truck, motorcycle or scooter,
motorcycle-cart, or boat with a motor. boat with a motor.

Binary variable equal to 1 if any
member of the household owns a
form of motorized transport.

Cambodia

IN

Housing quality

Own motorized transport

Item
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Note: Improved toilet facilities
include those that ﬂush to piped
sewer systems, septic tanks, or pit
latrines; ventilated improved pit
latrines; pit latrines with slab; and
composting toilets.

Note: Improved toilet facilities include
those that ﬂush to piped sewer
systems, septic tanks, or pit latrines;
ventilated improved pit latrines; pit
latrines with slab; and composting
toilets.

Note: Improved toilet facilities
include those that ﬂush to septic
tanks, absorption latrines (suilabh),
and ventilated improved pit latrines.
Survey does not include information
on whether the household shares its
toilet facilities with other
households.

Binary variable equal to 1 if
household’s toilet facilities are
improved.

Viet Nam

Binary variable equal to 1 if household Binary variable equal to 1 if household Not available.
uses clean fuel to cook or cooking is uses clean fuel to cook or cooking is
done outside of the residence.
done outside of the residence.

Binary variable equal to 1 if
household’s toilet facilities are
improved (hygienic) and not shared
with other households.

Note: Improved water sources
include piped water, public taps,
standpipes, tube wells, boreholes,
protected dug wells and springs,
and rainwater.

Philippines

Binary variable equal to 1 if
household’s toilet facilities are
improved (hygienic) and not shared
with other households.

and springs; rainwater; and bottled
water.

Cambodia

ICF ¼ International Classiﬁcation of Functioning, US ¼ United States.
Source: Authors’ compilation.

Cooking area quality

Toilet facility quality

Item
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Discouraged Worker Effect and
Labor Market Behavior of Urban
Married Women
DEEKSHA TAYAL

AND

SOURABH PAUL¤

The study investigates the importance of poor local labor market conditions
in explaining the labor market behavior of married women in urban India.
Using nationally representative employment data, we empirically test for the
existence of a discouraged worker effect arising from either of two mechanisms:
(i) unexplained gender wage gap, or (ii) degree of underemployment. A threestage, district-level analysis of female labor market behavior was undertaken, and
selectivity bias was controlled for by using censored probit in the second stage
and trivariate probit with Geweke–Hajivassiliou–Keane smooth recursive
simulator technique in the third stage of this multilevel framework. We ﬁnd
evidence that the wage gap discourages women from participating in the labor
market and the prevalence of underemployment, in terms of overqualiﬁcation by
occupation, discourages them from exploring better job opportunities by making
on-job search efforts.
Keywords: discouraged worker effect, female labor force participation, genderbased wage discrimination, local labor market conditions, overqualiﬁcation,
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I.

Introduction

A distressing feature of India’s female labor market has been the low and
stagnant labor force participation rate of women. Studies on the issue have cited an
array of complex and interconnected factors like increased education enrollment,
rising household incomes, domestic constraints, sociocultural norms, and lack of job
opportunities, among others, as possible explanations for the observed trend (Afridi,
Dinkelman, and Mahajan 2018; Fletcher, Pande, and Troyer Moore 2017; Klasen and
Pieters 2015). Against this background, this paper empirically explores the importance
of the discouraged worker effect arising from poor local labor market conditions in
explaining the labor market behavior of married women in urban India.
Discouraged workers are individuals who refrain from entering the labor force
due to their anticipation of poor labor market conditions. Conventionally, the
discouraged worker effect has been related to the phase of recession in the business
cycle, primarily inﬂuencing women or the secondary wage earners in a family (Benati
2001). Women residing in regions with high unemployment rates are less likely to
enter the labor market and engage in a job search than those living in areas with low
unemployment rates (Bičáková 2016; Dagsvik, Kornstad, and Skjerpen 2013). Gender
discrimination in the labor market, particularly the wage gap, has an adverse impact on
women’s labor market activity (Cavalcanti and Tavares 2016).
In India, several papers have supported the presence of a gender gap in wages
(Duraisamy and Duraisamy 2016; Deshpande, Goel, and Khanna 2018) and
unemployment (Ghose 2004; Chen and Raveendran 2012). Mathew (2015), in a
study on urban Kerala, concluded that it was the worsening of the female-to-male
wage ratio between 2004 and 2012 that discouraged women from entering the labor
market. In general, the unemployment rate tends to increase with education level, but it
is relatively higher for women than men, irrespective of the educational category
(Bairagya 2015). In the presence of high unemployment rates, women, particularly
better educated ones, may either remain unemployed until suitable opportunities arise
or withdraw from the labor market (Chaudhary and Verick 2014). While the literature
has recognized the discouraging effect of poor labor market conditions on women,
there is little empirical research to the best of our knowledge. Our paper aims to ﬁll
this research gap by undertaking a three-stage, district-level analysis of female labor
market behavior and examine the existence of the discouraged worker effect in each of
the stages. The three stages—(i) decision to enter the labor force, (ii) employed–
unemployed status in the labor market, and (iii) decision to engage in job search—may
all be negatively inﬂuenced by poor local labor market conditions arising from the
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gender wage gap and underemployment. We deﬁne underemployed as either
unemployed, overqualiﬁed for the current job, or working on a part-time basis
(McKee-Ryan et al. 2005).
In this multistage framework, the methodology suffers from the problem of
selectivity bias. This necessitates the use of separate estimation models in each stage.
Though we control for the individual, household, district, and geographic
characteristics in every stage, a slight variation in this set of independent variables
was required to identify the models. We theoretically justify the exclusion restrictions
in the methodology section. The childcare responsibilities of women, the presence of
elderly women in the family to help in domestic duties, family income, and the
geographic dimension of urbanization are the crucial factors inﬂuencing the decision
to join the labor market (Sudarshan and Bhattacharya 2009, Compton and Pollak
2014). However, these variables are excluded from the other two models. Women’s
technical education may affect their employment status but have little inﬂuence on
their labor force participation rate or job search efforts. The job characteristics of
employed women (Böckerman and Ilmakunnas 2009) and the presence of working
women in the family (Nicoletti, Salvanes, and Tominey 2018) are assumed to be
excluded variables in identifying the job search models.
We focus on adverse local labor market conditions as an important source of
discouragement for married women. As married women are spatially restricted in
terms of time and distance to the workplace, their labor market behavior can be best
explained by the limited employment opportunities in the regional or district level
labor markets (Matas, Raymond, and Roig 2010; Parks 2004). We use unit-level
employment data of the National Sample Survey (NSS) for 1987/88, 1999/2000, 2004/
05, 2009/10, and 2011/12, along with census and election data.1 The district-level
variables generated from the three data sources form the basis of the analysis.2
The results provide support to the underlying hypothesis. The unexplained
gender wage gap discourages women from entering the labor force as well as making
on-job search efforts. The discouraged worker effect of the wage gap on the probability
of labor force participation was 2.6% in 2011/12. These ﬁndings for India exceed
those for the Republic of Korea and Japan, where despite much higher female
labor force participation rates, the negative impact of the gender wage gap stood at
1The National Sample Survey Ofﬁce conducts the ﬁeld surveys in four subrounds (seasons)
comprising 3 months each and spreading over a 1-year period from July to June of the following year. For
example, 2004/05 refers to the period from July 2004 to June 2005.
2The NSS sample size at the district level does not permit us to infer about a particular district.
However, we may use district-level estimation to draw inferences for India (Kingdon and Unni 2001,
Drèze and Murthi 2001).
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1.4 percentage points and 0.3 percentage points, respectively (Kinoshita and Guo
2015). Higher underemployment at the district level also discourages women from
making job search efforts.
However, our empirical framework’s limitation stems from the omitted variable
bias generated by the presence of unobserved differences in the characteristics of
married women and men (Chevalier 2007). Unlike men, women’s motivation, and
expectations behind their labor force participation and job search decisions may be
linked with their stereotypical roles in society (Polachek and Xiang 2014). This also
inﬂuences local labor market factors like women’s relative wages compared to men’s
and access to suitable job opportunities, capturing the discouraged worker effect.
The study contributes to the current understanding of the female labor market
problem in India in several ways.3 First, it analyzes the impact of macrolevel labor
market conditions, which are external to the individual, on the labor market behavior
of married women. It thus adds a spatial dimension to the microeconomic approaches
emphasizing idiosyncratic characteristics in determining the labor force participation
rates of women. Second, it provides empirical support to the presence of the
discouraged worker effect arising from poor local labor market conditions. Third,
utilizing a three-stage framework offers a deeper understanding of female labor market
behavior by extending it beyond the labor force entry decisions to employed and
unemployed women’s job search behavior.
The rest of the paper is organized as follows. We explain the variables generated
from the three data sources and present summary statistics in Section II. Section III
describes the methodology used for testing the underlying hypothesis. Section IV
analyzes the results and includes a discussion of key ﬁndings. The ﬁnal section
concludes the paper.

II.

Data and Variables

We use NSS employment and unemployment data from ﬁve quinquennial
rounds: 43rd (1987/88), 55th (1999/2000), 61st (2004/05), 66th (2009/10), and 68th
(2011/12). In addition, data from the Census of India (1991, 2001, and 2011) and the
Election Commission of India (general elections in 1989, 1999, 2004, 2009, and 2014)

3An overview of female labor market in India is provided in the Online Appendix A at https://web.
iitd.ac.in/sbpaul/online_appendix/ADR2021/ADR2021_OnlineAppendix.pdf.
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are used. We generate a common district-level dataset by merging NSS, census, and
election data.4
The NSS is a comprehensive source of employment data comparable across
rounds and can provide long-term insight into changes in the Indian labor market. It
makes available household- and individual-level information on variables like age,
education level, marital status, labor force participation, employment status,
occupation, industry, and wage or salary. We generate three district-level variables
using the above data source: (i) the average share of the working age (15–55 years)
population with at least a secondary education, (ii) unexplained gender wage gap, and
(iii) degree of underemployment. The last two variables capture the discouraged
worker effect due to poor labor market conditions in a district.
To obtain the gender wage gap, we estimate the men’s and women’s Mincerian
semilogarithmic wage equations separately for every district:
b m ¼ X m β^ m ,
W

ð1Þ

b f ¼ X f β^ f ,
W

ð2Þ

where m and f denote male and female, respectively, and X includes a set of
characteristics like age, marital status, social group, education, technical education,
occupation, and industry.
Following the Blinder–Oaxaca decomposition technique (Blinder 1973, Oaxaca
1973), we estimate counterfactual wages of women if they were remunerated as per
the men’s wage function
b *f ¼ X f β^ m ,
W

ð3Þ

b f ¼ ( β^ m  β^ f )X f :
b *f  W
W

ð4Þ

This gives the gender wage gap, which is unexplained by the differences in men’s and
women’s characteristics, and may be due to labor market discrimination. The variable
generated is termed as the unexplained gender wage gap in the rest of the paper.
The underemployed individual is deﬁned as someone who is either unemployed,
currently working on a part-time basis, or overqualiﬁed for the current job.
Correspondingly, we generate three variables at the district level: (i) proportion of
4The

merging process is explained in the Online Appendix B.
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unemployed, (ii) proportion of employed working for less than or equal to half of the
regular working hours, and (iii) proportion of employed who are overeducated by
occupation.5
Overqualiﬁcation by occupation is empirically measured using the realized
matches method (Flisi et al. 2017). The mean of years of education is obtained for each
occupation. A worker is considered overqualiﬁed if the education level exceeds 1
standard deviation from the mean for the given occupation.
We use Census of India data for measuring the urbanization of a district by the
percentage of the urban population in the total population and by the total number of
census and statutory towns.6 The former is the demographic measure and the latter is
the geographic measure of urbanization. The urbanization variable is used as a proxy
for the job opportunities in the local labor market.
The information on parliamentary elections in India is available from the
Election Commission of India. We estimate the percentage of female electorates who
cast their votes and the percentage of females among the total electoral candidates in a
district. The variable aims to capture the political empowerment of women and its
impact on their economic participation (Ghani, Kerr, and O’Connell 2012).
We focus on urban married women between the ages of 15 and 55 years old
(working age). The sample size varies from around 33,000 in 1987/88 to 37,000 in
2011/12. Table 1 provides summary statistics. The labor force participation rate of
married women increased from 15% in 1987/88 to 26% in 2004/05.7 Subsequently, it
declined and then stagnated at around 20%. The unemployment rate of women
increased from 1% in 1987/88 to 6% in 2004/05 and, thereafter, stagnated at 4%.
The off-job search rate for unemployed women increased from 79% in 1999/
2000 to 88% in 2011/12. On average, the on-job search rate for employed women
increased marginally from 7% in 1999/2000 to 9% in 2009/10, but then declined to 6%
in 2011/12.
The average age of married women increased marginally from 33 years to 36
years. The share of illiterate women declined signiﬁcantly from 49% in 1987/88 to

5Labor force constitutes persons categorized as either employed or unemployed. Unemployment
rate is the percentage of persons unemployed to the total persons in the labor force. Unemployed
constitutes persons who are not working but are seeking or available for work.
6Census towns are deﬁned in terms of population size, nonagricultural workers, and population
density. Statutory towns are places with a municipality, corporation, cantonment board, or notiﬁed town
area committee (Registrar General Census Commissioner 2011).
7The labor force participation rate of women has been calculated by taking together their principal
and subsidiary activity status.
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Table 1.
Variables
Working-age population (15–55 years)
Labor force participation rate
Unemployment rate
On-job search rate
Off-job search rate
Individual Attributes
Age (years)
Age group
15–24
25–34
35–44
45–55
Completed education level
Illiterate
Primary and middle
Secondary and higher secondary
Graduate and above
Technical education
Household Characteristics
Social group
Others (General)
Scheduled tribe
Scheduled caste
Other backward caste
Household size
Presence of children below 5 years old
Presence of elderly women in the family
(50 years or above and not disabled)
Partner employed
Log (MPCE)
Presence of married working women in
the family (18 years or above)
Job Characteristics
Permanent nature of employment
Union membership
Written job contract
Social security beneﬁt
Employed regularly
District Characteristics
Average education level of district
Percentage of individuals with at least a
secondary education
Level of urbanization of district
Percentage of urban population
Number of census and statutory towns
Political participation of women in district
Percentage of women voters

Summary Statistics
1987/88

1999/2000

2004/05

2009/10

2011/12

33,655
0.15
0.01
NA
NA

44,564
0.21
0.03
0.07
0.79

39,475
0.26
0.06
0.08
0.78

37,274
0.20
0.04
0.09
0.83

36,980
0.21
0.04
0.06
0.88

33.00

34.61

34.94

35.75

35.97

0.22
0.36
0.25
0.17

0.15
0.36
0.30
0.19

0.14
0.36
0.30
0.20

0.12
0.35
0.32
0.22

0.11
0.34
0.32
0.23

0.49
0.29
0.15
0.07
0.02

0.37
0.28
0.23
0.12
0.03

0.36
0.31
0.22
0.11
0.03

0.28
0.29
0.28
0.15
0.02

0.27
0.28
0.29
0.16
0.02

0.85
0.04
0.11
NA
6.12
0.50
0.07

0.52
0.07
0.12
0.29
5.76
0.40
0.08

0.42
0.07
0.14
0.37
5.63
0.41
0.09

0.42
0.07
0.13
0.38
5.30
0.34
0.09

0.39
0.08
0.13
0.40
5.21
0.34
0.10

0.96
1.67
0.17

0.95
6.53
0.25

0.95
6.70
0.29

0.95
7.19
0.23

0.95
7.50
0.24

NA
NA
NA
NA
NA

0.63
0.19
NA
0.21
0.87

0.67
0.16
0.13
0.15
0.87

0.65
0.18
0.15
0.19
0.88

0.71
0.17
0.15
0.19
0.89

0.33

0.44

0.42

0.52

0.54

42.60
16.20

42.61
14.35

37.30
14.21

41.87
20.49

42.48
20.39

57.63

55.64

54.81

57.58

63.49

Continued.
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Table 1. Continued.
Variables
Percentage of women electoral candidates
Discouraged Worker Effect (district)
Unexplained gender wage gap (log) a
Underemployment
Proportion of part-time employees
Proportion of unemployed individuals
Proportion of overqualiﬁed employees

1987/88

1999/2000

2004/05

2009/10

2011/12

3.63

6.94

6.82

7.18

7.22

0.37

0.58

0.55

0.53

0.45

0.11
0.01
0.09

0.08
0.05
0.09

0.08
0.06
0.09

0.06
0.04
0.10

0.05
0.05
0.10

MPCE ¼ monthly per capita consumption expenditure, NA ¼ not available.
a Unexplained gender wage gap is measured as the log of the relative wage of the male in terms of female
wage.
Notes: Summary statistics are based on the merged data used for the analysis. Comparable district-level
statistics based on unmerged data are provided in the Online Appendix Table B2. Summary statistics for
1987/88 do not include job characteristics due to a lack of clear and consistent data. Other backward caste
information is not available for 1987/88.
Source: Authors’ calculations.

27% in 2011/12, while the proportion of women with secondary or above education
increased from 22% to 45% over the same period.
The labor market behavior of married women is inﬂuenced by several household
characteristics like family size, presence of small children, presence of an elderly
woman to share domestic responsibilities, partner’s employment status, other working
women in the family, and total household income. We proxy household income by
monthly per capita consumption expenditure (MPCE). NSS unit-level data do not
identify couples. To overcome this limitation, we utilize the relation to the head of the
household information. We carefully generate the couples’ dataset through a repeated
exercise of ranking and match-making the male and female family members.8
Table 1 also reports some estimates related to job characteristics of employed
women. Over-time trends indicate that an increasing proportion of women are
employed permanently (from 63% in 1999/2000 to 71% in 2011/12). Only a small and
stagnant percentage of women are formally employed through a job contract (from
13% in 1999/2000 to 15% in 2011/12). Access to social security beneﬁts declined
from 21% in 1999/2000 to 19% in 2011/12.
The proportion of individuals with at least a secondary education increased from
33% in 1987/88 to 54% in 2011/12. The political participation of women and the level
of urbanization also increased over the study period. The unexplained gender wage
gap widened from 37% in 1987/88 to 58% in 1999/2000, before declining to 45% in

8A detailed description of the operationalization of the variables is available in the Online
Appendix B.
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2011/12. This implies that a man received a 37% higher wage than a woman with
similar characteristics in 1987/88, with the gap increasing to 45% in 2011/12.
There is a decline in the district-level proportion of part-time workers. The
percentage of unemployed individuals increased from 1% in 1987/88 to 5% in 2011/
12, whereas the proportion of overqualiﬁed individuals remained nearly stagnant at
around 10%.

III. Methodology
The labor market behavior of married women is analyzed within a three-stage
framework comprising labor supply decision, employment status, and job search
efforts.9 In each stage, we aim at ﬁnding the presence of the discouraged worker effect
arising from the unexplained gender wage gap and underemployment in the local labor
market.10
In the ﬁrst stage, married women’s labor market entry decision may be negatively
inﬂuenced by the gender wage gap. However, the extent of underemployment may not
be a signiﬁcant factor in this phase.
The dependent variable Yi takes the value 1 if the ith woman is in the labor force
and 0 otherwise. We regress the following probit model:
P[Yi ¼ 1] ¼ ’( β0 þ β1 Discouraged Worker Effect þ Xγ þ u):

ð5Þ

where the unexplained gender wage gap is the main explanatory variable. We control
several factors like age, education level, social group, family size, presence of small
children and elderly women, partner’s employment, and MPCE. Equation (5) also
includes district-speciﬁc variables of political participation of women, urbanization,
and state ﬁxed effects.
In the second stage, the dependent variable is employment status, taking the
value of 1 if unemployed and 0 otherwise. We assume that individual attributes like
age and education are the key factors, but the gender wage gap and underemployment
have little inﬂuence on the probability of being employed. Nevertheless, this model
suffers from selectivity bias, and the discouraged worker effect of the wage gap may
enter indirectly from the ﬁrst stage.

9A

graphical depiction of the multistage framework is available in the Online Appendix Figure C1.
a similar three-stage framework, Van Ham, Mulder, and Hooimeijer (2001) analyzed the effect
of underemployment on the job search decisions of men and women based on Netherlands Labor Force
Surveys 1994–1997.
10In
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To overcome this problem, we use a bivariate probit model composed of: (i) a
selection equation from the ﬁrst stage and (ii) an outcome equation of the probability
of unemployment. The identiﬁcation of this model is subject to the fulﬁllment of
exclusion restriction, which requires that the selection equation contain at least one
independent variable that has no direct effect on the dependent variable in the outcome
equation. The presence of elderly women to share domestic work is assumed to satisfy
this restriction because it may not directly inﬂuence the labor market status of
working-age women. Studies have shown that coresidence of the elderly increases the
labor force participation rate of younger married women (Das and Žumbytė 2017,
Compton and Pollak 2014). We include technical education as an important
determinant of employment status, but we exclude small children, MPCE, and the
number of towns from the outcome equation.
In the third stage, we model job search efforts in a trivariate probit framework.
The employed women are deemed to be engaged in the job search process if they are
looking for an alternative or additional employment opportunity. This job search
decision may be negatively inﬂuenced by the wage gap and the extent of overqualiﬁed
individuals in the local labor market. On the other hand, unemployed women are
considered to be engaged in the job search process if they are actively seeking work.
Women may be discouraged from making such efforts due to their anticipation of
getting poor quality jobs, as observable in the high proportion of part-time workers.
Part-time jobs suffer from a lack of decent working conditions. A part-time job is a
nonstandard form of employment (NSFE) in which the employee lacks a proper job
contract as well as beneﬁts relating to maternity leave, pension, and social security
(Landau, Mahy, and Mitchell 2015).11
We model on-job and off-job search efforts separately using binary dependent
variables, assuming a value of 1 if engaged in the search process and 0 otherwise. The
job characteristics are added in the on-job search model because they govern
employed women’s switch-over efforts. Similarly, in the off-job search model, the
presence of married working women in the family is included to consider the peer
effect.
The models in the third stage suffer from selectivity bias arising from the
problem of double sample selection. Women self-selecting themselves out of the labor
force may also avoid the efforts and costs associated with the job search. Similarly,
women with a higher predicted probability of being unemployed may be more

11According to the International Labour Organization, NSFE includes temporary employment,
contractual agency arrangements, ambiguous employment relationships, and part-time employment
(International Labor Ofﬁce 2015).
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discouraged from engaging in the job search process. The use of a trivariate probit
framework estimated through the Geweke–Hajivassiliou–Keane smooth recursive
simulator technique helps us to mitigate this bias (Carreón Rodríguez, Gerardo, and
García-Menéndez 2011).
Every stage is characterized by different theoretical and behavioral dynamics,
which, together with selectivity bias, necessitates separate estimation models.
Identifying these models requires some modiﬁcations in the common set of
independent variables used in the analysis.12

IV. Results
A. Labor Market Participation
The results of the probit model in the ﬁrst stage are provided in Table 2. The
average marginal effect of the gender wage gap is negative and statistically signiﬁcant
in 1987/88, 2009/10, and 2011/12. With a 1 percentage point increase in the wage gap,
the probability of labor force participation decreases by 1.9% in 1987/88 and 2.6% in
2011/12. This implies that if men received a wage that was 37% higher than
comparable women in 1987/88, and the gap increased to 38%, then the labor force
participation rate of women would decline by 1.9%.
The ﬁndings are also supported by pooled cross-sectional analysis with year
dummies for taking into account any change over time (Table 3). The interaction terms
of the gender wage gap with year dummies are also included in the model for
controlling the time-speciﬁc effects of the wage gap.13
In 1999/2000 and 2004/05, the wage gap did not seem to impose a discouraging
effect on the participation decision. To explore the source of this apparent anomaly, we
undertake a state-level disaggregated analysis of the trends. We ﬁnd that the
correlation between the unexplained gender wage gap and female labor force
participation rate is positive and signiﬁcant for some states, while for others, it is
negative and signiﬁcant.14 Therefore, the aggregate effect for the country as a whole is
insigniﬁcant. The positive correlation is visible for Uttar Pradesh and Andhra Pradesh
in 1999 and for Karnataka, Kerala, and Uttarakhand (formerly Uttaranchal) in 2004/
05. The existing literature may provide a likely explanation for this observation.
12A

related explanation is available in the Online Appendix C.
results are available in the Online Appendix Tables D1 and D2.
14Correlations are available in the Online Appendix Table D4.
13Detailed

Presence of elderly women

Presence of children below 5 years old

Household size

Other backward caste

Scheduled caste

Household Characteristics
Social group (Ref: Others)
Scheduled tribe

Graduate and above

Secondary and higher secondary

Education level (Ref: Illiterate)
Primary and middle

Individual Characteristics
Age (Years)

0.0838***
(0.0151)
0.0756***
(0.0086)
0.0918**
(0.0356)
0.00936***
(0.0016)
0.0253***
(0.0057)
0.0349***
(0.0110)

0.0757***
(0.0083)
0.0141
(0.0109)
0.1320***
(0.0133)

0.0024***
(0.0002)

0.0194**
(0.0098)

1987/88

0.1390***
(0.0179)
0.1080***
(0.0118)
0.0584***
(0.0087)
0.0127***
(0.0018)
0.0444***
(0.0064)
0.0273**
(0.0115)

0.108***
(0.0086)
0.0548***
(0.0108)
0.1480***
(0.0129)

0.0033***
(0.0003)

0.0003
(0.0132)

1999/2000

0.1500***
(0.0254)
0.0720***
(0.0127)
0.0516***
(0.0118)
0.00755***
(0.0028)
0.0611***
(0.0090)
0.0428**
(0.0169)

0.0978***
(0.0129)
0.0717***
(0.0136)
0.1030***
(0.0199)

0.0017***
(0.0004)

0.0007
(0.0040)

2004/05

0.1130***
(0.0192)
0.0848***
(0.0136)
0.0332***
(0.0097)
0.0103***
(0.0021)
0.0581***
(0.0088)
0.0173
(0.0131)

0.0614***
(0.0089)
0.0920***
(0.0131)
0.0700***
(0.0142)

0.0052
(0.0049)

0.0138**
(0.0070)

2009/10

0.0957***
(0.0202)
0.0446***
(0.0125)
0.0210*
(0.0122)
0.00860***
(0.0024)
0.0633***
(0.0089)
0.0400**
(0.0169)

0.0684***
(0.0106)
0.1020***
(0.0104)
0.0565***
(0.0139)

0.0003
(0.0005)

0.0259**
(0.0102)

2011/12

Average Marginal Effects of Explanatory Variables on the Probability of Labor Force
Participation in Probit Model

Discouraged Worker Effect
Unexplained gender wage gap

Variables

Table 2.
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0.0007***
(0.0002)
0.0001
(0.0003)

0.0574***
(0.0117)
0.0424***
(0.0067)

1987/88

0.0006***
(0.0002)
0.0001
(0.0005)

0.0440***
(0.0150)
0.0981***
(0.0089)

1999/2000

0.0010
(0.0008)
0.0009
(0.0012)
0.0268
(0.0301)
0.1060***
(0.0186)
0.0053
(0.0263)
0.1120***
(0.0257)
0.0142
(0.0355)

0.0439
(0.0305)
0.1200***
(0.0232)
0.0180
(0.0378)
0.1320***
(0.0295)
0.0314
(0.0379)

0.0002
(0.0003)
0.0004
(0.0004)

0.0404***
(0.0133)
0.0465***
(0.0113)

2009/10

0.0012
(0.0008)
0.0017*
(0.0009)

0.0009***
(0.0003)
0.0012**
(0.0006)

0.0411**
(0.0177)
0.0795***
(0.0136)

2004/05

0.0207
(0.0330)
0.0711***
(0.0220)
0.0475
(0.0383)
0.0386*
(0.0302)
0.0218
(0.0437)

0.0029***
(0.0010)
0.0003
(0.0016)

0.0001
(0.0004)
0.0006*
(0.0003)

0.0109
(0.0136)
0.0503***
(0.0010)

2011/12

MPCE ¼ monthly per capita consumption expenditure.
a The geographical clustering of states is available in the Online Appendix B.
Notes: The model is estimated separately for each year. *** Signiﬁcant at the 1% level, ** signiﬁcant at the 5% level,
* signiﬁcant at the 10% level. Standard errors in the parentheses are clustered at the district level.
Source: Authors’ calculations.

0.0008
0.0001
(0.0006)
(0.0003)
Percentage of women electoral candidates
0.0001
0.0015**
(0.0012)
(0.0007)
Geographic Dimension (States of India) (Ref: Central India) a
Northern India
0.0426*
0.0459*
(0.0220)
(0.0258)
Western India
0.0634***
0.0948***
(0.0205)
(0.0149)
Eastern India
0.0005
0.0203
(0.0218)
(0.0250)
Southern India
0.1030***
0.1390***
(0.0214)
(0.0151)
North Eastern India
0.1110
0.0516
(0.0680)
(0.0322)

Political participation of women
Percentage of women voters

Number of towns

District Characteristics
Urbanization
Percentage of urban population

Log (MPCE)

Partner employed

Variables

Table 2. Continued.
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Table 3. Average Marginal Effects of Gender
Wage Gap on the Probability of Labor Force
Participation in Pooled Cross-Sectional Analysis
Year
1987/88
1999/2000
2004/05
2009/10
2011/12

Unexplained Gender Wage Gap
0.027*
(0.0137)
0.003
(0.0114)
0.001
(0.0041)
0.015**
(0.0064)
0.028**
(0.0098)

Notes: The marginal effects are derived from the probit
regression of the female labor force participation rate
on year dummies, unexplained gender wage gap, and
their interactions, along with other explanatory
variables, using pooled cross-sectional analysis. The
test of joint signiﬁcance of year dummies and
interaction terms is available in the Online Appendix
Table D3. *** Signiﬁcant at the 1% level, **
signiﬁcant at the 5% level, * signiﬁcant at the 10%
level. Standard errors in the parentheses are clustered
at the district level.
Source: Authors’ calculations.

Gender disparity in the southern states has traditionally remained lower than in
the northern states (Munro et al. 2014, Esteve-Volart 2004). Jayachandran (2015)
attributes this regional difference to the strong presence of the patrilocal system in
northern India. The female labor force participation rates in the southern states are
relatively higher than the national average. In contrast, the rates in the northern states
are lower than the national average (Sorsa et al. 2015). For example, compared to the
all-India average of 21% in 1999/2000, the participation rate was 25% in Andhra
Pradesh and 14% in Uttar Pradesh.
Similarly, the rate in Kerala (42%) was much higher than the national average
(26%) in 2011/12, whereas the rate in Uttarakhand (formerly Uttaranchal) was only
21%. The higher rates in the southern region are driven mainly by better educated
women who prefer white collar jobs (Mathew 2015). While in the northern part, these
rates are driven largely by women from lower-income families who are casually
employed in less-skilled jobs (Kumari and Pandey 2012). Given the dissimilarities in
the two regions of India, an explanation of the observed positive correlation between
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the female labor force participation rate and the gender wage gap will require a
detailed examination that is outside the purview of the paper.
The probability of labor force participation is consistently positive and
signiﬁcant for women with higher education. When the education level increases
from illiterate to graduate, the probability of labor market entry increases by 13.2
percentage points in 1987/88 and 5.7 percentage points in 2011/12.
Domestic responsibilities, which are assessed in terms of family size and the
presence of small children, have a negative impact on our dependent variable. The
household work burden of women is found to be the primary reason for their quitting
jobs after marriage or for not entering the labor market (Sudarshan and Bhattacharya
2009). However, the presence of an elderly woman to take care of the children and
share other domestic responsibilities increases the labor force participation rate of
married women. In consonance with the existing literature, an increase in family
income negatively inﬂuences the labor supply decision (Sarkar, Sahoo, and Klasen
2019; Andres et al. 2017).
Compared to the general category of women, Scheduled Tribe, Scheduled Caste,
and Other Backward Caste women are more likely to enter the labor market. This is
because women from the upper caste are better educated but restricted from working
outside the home. Sociocultural norms that govern women’s autonomy to participate in
the labor market are a manifestation of the patriarchal controls traditionally imposed
on them, and it is linked with class and caste (Eswaran, Ramaswami, and Wadhwa
2013).
Geographically, women in the western and southern states have a signiﬁcantly
higher probability of participating in the labor market than those in central India.
Urbanization, in terms of demographic expansion, has a negative association with the
labor supply decision of women. However, it became insigniﬁcant in the later years of
the review period (from 2009/10).
B. Employment Status
In the second stage, we begin with a probit model for estimating the probability
of women’s unemployment without correcting for the selectivity bias. The results
depict that in each of the study years, the average marginal effect of the unexplained
gender wage gap is statistically insigniﬁcant. The pooled cross-sectional analysis also
gives similar results.15

15Detailed

results are available in the Online Appendix Tables D5–D9.
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To overcome the selectivity bias, we reestimate the outcome equation along with
the selection equation from the ﬁrst stage in a bivariate probit framework. In this
model, we ﬁrst include the gender wage gap in the outcome equation to examine its
direct effect on the outcome variable. Its marginal effect on the unemployment
probability is insigniﬁcant in all years except 1999/2000.16 This preliminary ﬁnding
supports our intuitive assumption that there is no direct negative effect of the wage gap
on women’s employment status.
We reestimate the bivariate probit model without the unexplained wage gap in the
outcome equation. This captures the discouraging effect of the wage gap on the
probability of unemployment, indirectly through the probability of labor force
participation. The results depict that its marginal effect is negative and statistically
signiﬁcant in 1987/88, 2009/10, and 2011/12 (Table 4). This implies that women are less
likely to enter the labor force in districts with a bigger gender wage gap. However, the
smaller share of women entering the labor force is more likely to be employed. The Wald
test statistic ( ¼ 0) rejects the null hypothesis of the absence of the sample selection
problem and upholds the censored probit model’s relevance in this second-stage analysis.
The discouraging effect of the wage gap on the probability of women’s
unemployment increased between 1987/88 and 2011/12. With a 1 percentage point
increase in the wage gap, the probability of being employed decreased by 0.16% in
1987/88 and 0.29% in 2011/12. Since the wage gap did not have a discouraging effect
on labor force participation in 1999/2000 and 2004/05, its indirect effect on
employment status is insigniﬁcant.
We conﬁrm the ﬁndings using a pooled cross-sectional analysis.17 The average
marginal effect of the wage gap on the probability of unemployment is statistically
signiﬁcant in 1987/88, 2009/10, and 2011/12 (Table 5). The discouraging effect of the
gender wage gap decreased from 1987/88 to 2011/12.
The association between women’s age and unemployment is negative and
signiﬁcant. However, as the education level increases from illiterate to graduate, the
probability of unemployment increases by 4.8 percentage points in 1987/88 and 6.1
percentage points in 2011/12. This ﬁnding supports the literature that the prevalence of
unemployment is higher among better educated women in India (Motiram and
Naraparaju 2018; Bairagya 2018). The marginal effects of MPCE, spousal
employment, and the presence of small children are negative and signiﬁcant. Married
women from higher-income families and those with childcare responsibilities are less

16Results

are not included in this paper, but will be shared if requested.
results are available in the Online Appendix Tables D10 and D11.

17Detailed

Household size

Other backward caste

Scheduled caste

Household Characteristics
Social group (Ref: Others)
Scheduled tribe

Technical education

Graduate and above

Secondary and higher secondary

Education level (Ref: Illiterate)
Primary and middle

Selectivity Bias
Wald test of independent equations (½ = 0)
Probability > χ 2
Individual Characteristics
Age (years)

Discouraged Worker Effect
Unexplained gender wage gap

Variables

0.0004
(0.0114)
0.0047
(0.0065)
0.0874
(0.0719)
0.0001
(0.0008)

0.0047
(0.0037)
0.0335***
(0.0081)
0.0476***
(0.0139)
0.0064
(0.0085)

0.0023***
(0.0005)

0.020

0.0016*
(0.0010)

1987/88

0.0195**
(0.0088)
0.0076
(0.0106)
0.0022
(0.0057)
0.0039***
(0.0011)

0.0244***
(0.0068)
0.0686***
(0.0129)
0.0947***
(0.0136)
0.0231***
(0.0069)

0.0049***
(0.0007)

0.006

0.0001
(0.0014)

1999/2000

0.0252*
(0.0141)
0.0066
(0.0117)
0.0156
(0.0116)
0.0010
(0.0013)

0.0227***
(0.0067)
0.0863***
(0.0145)
0.1106***
(0.0149)
0.0181**
(0.0091)

0.0047***
(0.0006)

0.000

0.0001
(0.0007)

2004/05

0.0220
(0.0147)
0.0218*
(0.0125)
0.0068
(0.0098)
0.0010
(0.0016)

0.0107**
(0.0051)
0.0598***
(0.0117)
0.0795***
(0.0157)
0.0110
(0.0104)

0.0483***
(0.0074)

0.004

0.0024*
(0.0015)

2009/10

Continued.

0.0170*
(0.0097)
0.0091
(0.0126)
0.0026
(0.0080)
0.0041***
(0.0001)

0.0040
(0.0046)
0.0262***
(0.0076)
0.0609***
(0.0124)
0.0047
(0.0078)

0.0041***
(0.0007)

0.003

0.0029*
(0.0017)

2011/12

Table 4. Average Marginal Effects of Explanatory Variables on the Probability of Unemployment in Bivariate Model

DISCOURAGED WORKER EFFECT AND LABOR MARKET BEHAVIOR 109

Eastern India

Western India

Geographic Dimension (Ref: Central India)
Northern India

Percentage of women electoral candidates

Political participation of women
Percentage of women voters

Number of towns

Urbanization
Percentage of urban population

District Characteristics
Average education level
Percentage of individuals with at least a secondary education

Log (MPCE)

Partner employed

Presence of elderly women

Presence of children below 5 years old

Variables

0.0056
(0.0104)
0.0111
(0.0082)
0.0196

0.0003
(0.0003)
0.0009*
(0.0005)

0.0001
(0.0001)
0.00001
(0.00003)

0.0724**
(0.0338)

0.0022**
(0.0011)
0.0029**
(0.0014)
0.0410***
(0.0120)
0.0036**
(0.0018)

1987/88

1999/2000

0.0068
(0.0101)
0.0073
(0.0067)
0.0305*

0.0006**
(0.0003)
0.0005
(0.0004)

0.0001
(0.0001)
0.00002
(0.0001)

0.0367
(0.0499)

0.0045***
(0.0019)
0.0029
(0.0018)
0.0364***
(0.0090)
0.0101**
(0.0044)

Table 4. Continued.

0.0329**
(0.0143)
0.0194**
(0.0074)
0.1209*

0.0002
(0.0007)
0.0012
(0.0008)

0.0009***
(0.0002)
0.0002*
(0.0001)

0.1753*
(0.0915)

0.0106***
(0.0027)
0.0091*
(0.0046)
0.0462***
(0.0092)
0.0149***
(0.0042)

2004/05

0.0062
(0.0209)
0.0052
(0.0150)
0.0173

0.0006
(0.0005)
0.0007
(0.0010)

0.0002
(0.0002)
0.0001
(0.0001)

0.0491
(0.0539)

0.0093**
(0.0031)
0.0027
(0.0025)
0.0206**
(0.0084)
0.0076**
(0.0030)

2009/10

0.0077
(0.0281)
0.0171
(0.0210)
0.0367

0.0013**
(0.0006)
0.0011
(0.0009)

0.0001
(0.0001)
0.0001
(0.0001)

0.0041
(0.0410)

0.0071**
(0.0028)
0.0047
(0.0031)
0.0108
(0.0141)
0.0057**
(0.0021)

2011/12
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1999/2000
(0.0180)
0.0382***
(0.0102)
0.0273
(0.0166)

1987/88
(0.0174)
0.0083
(0.0119)
0.0061
(0.0125)

(0.0639)
0.0669***
(0.0196)
0.0902
(0.0645)

2004/05

(0.0210)
0.0095
(0.0196)
0.0551
(0.0592)

2009/10

(0.0254)
0.0079
(0.0290)
0.0997
(0.0814)

2011/12

MPCE ¼ monthly per capita consumption expenditure.
Notes: *** Signiﬁcant at the 1% level, ** signiﬁcant at the 5% level, * signiﬁcant at the 10% level. Standard errors in the parentheses are
clustered at the district level.
Source: Authors’ calculations.

North Eastern India

Southern India

Variables

Table 4. Continued.
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Table 5. Average Marginal Effects of Gender
Wage Gap on the Probability of Unemployment
in Pooled Cross-Sectional Analysis
Year
1987/88
1999/2000
2004/05
2009/10
2011/12

Unexplained Gender Wage Gap
0.0061*
(0.0033)
0.0010
(0.0021)
0.0001
(0.0008)
0.0028**
(0.0014)
0.0052**
(0.0021)

Notes: The marginal effects are derived from the
bivariate probit regression of the unemployment rate
on year dummies, unexplained gender wage gap, and
their interactions, along with other explanatory
variables, using pooled cross-sectional analysis. The
test of joint signiﬁcance of year dummies and
interaction terms is available in the Online Appendix
Table D12. *** Signiﬁcant at the 1% level, **
signiﬁcant at the 5% level, * signiﬁcant at the 10%
level. Standard errors in the parentheses are clustered
at the district level.
Source: Authors’ calculations.

likely to enter the labor force. However, the smaller section entering the labor market
with the above attributes are more likely to be employed.
C. Job Search
In the third stage, depending on women’s employment status, we obtain results
for two types of job search models.
1. On-Job Search
We ﬁrst estimate the probability of on-job search using a probit model that does
not take into account selectivity bias. The ﬁndings indicate that the marginal effects of
the wage gap and the proportion of overqualiﬁed individuals are not statistically
signiﬁcant. The pooled cross-sectional analysis also gives supporting results.18
18Detailed

results are available in the Online Appendix Tables D13–D17.
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We reestimate the job search probability using trivariate probit, taking into
account selectivity bias from stage one and two (Table 6). The likelihood ratio test
conﬁrms the presence of sample selection bias from the two previous stages. The
negative coefﬁcients for the unemployment probability imply that women with lower
chances of being employed are less likely to undertake job search efforts. On the other
hand, women with a higher probability of labor force participation are more likely to
make job search efforts.

Table 6.

Probability of On-Job Search in Triprobit Model

Variables
Discouraged Worker Effect
Unexplained gender wage gap
Proportion of overqualiﬁed employees
Selectivity Bias
Probability of unemployment
Probability of labor force participation
Likelihood Ratio Test
Probability > χ 2
Individual Characteristics
Age (years)
Education level
Job Characteristics
Employed regularly (base ¼ no)
Union membership (base ¼ no)
Written job contact (base ¼ no)
Employment nature (base ¼ temporary)
SS beneﬁt or paid leave (base ¼ no)
Household Characteristics
Household size
Partner employed

1999/2000

2004/05

2009/10

2011/12

0.185**
(0.0869)
9.074**
(3.5680)

0.016
(0.0199)
1.383***
(0.5340)

0.162***
(0.0587)
1.811*
(0.9270)

0.133***
(0.0455)
0.002
(1.2540)

5.390***
(1.0570)
2.502***
(0.2200)

3.957***
(0.1170)
0.372***
(0.0676)

5.822***
(0.2470)
2.388***
(0.2920)

5.738***
(0.1670)
2.732***
(0.1750)

0.000

0.000

0.000

0.000

0.024***
(0.0034)
0.009
(0.0316)

0.009***
(0.0017)
0.036*
(0.0204)

0.039***
(0.0040)
0.0004
(0.0334)

0.037***
(0.0040)
0.090**
(0.0353)

0.315***
(0.0753)
0.034
(0.1150)
NA
0.593***
(0.0603)
0.403***
(0.1550)

0.259***
(0.0449)
0.194**
(0.0958)
0.100
(0.1040)
0.283***
(0.0387)
0.362***
(0.1100)

0.513***
(0.0886)
0.071
(0.0957)
0.086
(0.1380)
0.257***
(0.0654)
0.437***
(0.1380)

0.298***
(0.0774)
0.250**
(0.1270)
0.296**
(0.1410)
0.471***
(0.0723)
0.439***
(0.1660)

0.051***
(0.0144)
0.615***
(0.0726)

0.041***
(0.0067)
0.344***
(0.0432)

0.061***
(0.0119)
0.403***
(0.0576)

0.046***
(0.0157)
0.839***
(0.0780)

Continued.
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Table 6. Continued.
Variables

1999/2000

2004/05

2009/10

2011/12

District Characteristics
Average education level
Percentage of individuals with at least
secondary education

1.599***
(0.3000)

0.527***
(0.1740)

1.387***
(0.3250)

2.096***
(0.4990)

0.0004
(0.0018)

0.0019*
(0.0012)

0.0007
(0.0018)

0.0002
(0.0010)

0.0148***
(0.0032)
0.0065
(0.0288)

0.00178
(0.0018)
0.0068
(0.0193)

0.0034
(0.0037)
0.0115
(0.0296)

0.0046
(0.0049)
0.0437
(0.0364)

Urbanization
Percentage of urban population
Political participation of women
Percentage of women voters
Geographic dimension

NA ¼ not available.
Notes: The ﬁgures in the table are estimated coefﬁcients in the trivariate probit model (not marginal
effects). The results for the 43rd round of the NSS employment survey (1987/88) are not available due to
nonavailability of clear information on job characteristics of employed women. *** Signiﬁcant at the 1%
level, ** signiﬁcant at the 5% level, * signiﬁcant at the 10% level. Standard errors in the parentheses are
clustered at the district level.
Source: Authors’ calculations.

Once we control for the selectivity bias, the negative inﬂuence of the poor labor
market conditions on job search efforts becomes statistically signiﬁcant, depicting the
discouraged worker effect. In 1999/2000, 2004/05, and 2009/10, the extent of
overqualiﬁed individuals in the local labor market had a negative association with onjob search efforts. The gender wage gap also had a negative effect in 1999/2000, 2009/
10, and 2011/12.
The pooled cross-sectional analysis is also performed for the triprobit
framework, and it conﬁrms the presence of the discouraged worker effect. However,
the magnitude of the effect decreases over time.19
With an increase in age, women are less likely to be engaged in the job search
process. This may be due to a decline in their potential beneﬁts from alternative
employment opportunities (Pissarides and Wadsworth 1994). Such women may also
be less willing to take on the risks of job switch-over.
The current job characteristics are the key factors for the on-job search efforts
(Deluna and Berdos 2015). Women working under informal conditions—such as
having no written job contract or the temporary nature of employment—are more

19Detailed

results are available in the Online Appendix Tables D18–D20.
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likely to invest resources in a job search. Our results show that the lack of job
permanency and social security beneﬁts reduces employed women’s job search efforts.
With a rise in family size, women are less likely to engage in on-job search
because of higher search costs and domestic responsibilities. If the partner is
employed, women are less likely to explore alternative employment opportunities.
This ﬁnding supports the literature on women’s secondary earner status, where the
husband is considered the “breadwinner.” During uncertainty or crisis, women are
expected to enter the labor market and provide monetary support to the family (Kohara
2008; Attanasio, Low, and Sánchez-Marcos 2005). A higher proportion of better
educated individuals in a district is also negatively associated with on-job search
efforts. This may be linked with the crowding-out effect of supply-side competition in
the local labor market (Verhaest et al. 2016).
2. Off-Job Search
We begin by using a probit model for estimating the probability of off-job search
without bias correction from the previous two stages. The marginal effect of the
proportion of part-time employees indicates an absence of the discouraged worker
effect, and the pooled cross-sectional analysis supports the results.20
We reestimate the probability using trivariate probit correcting for the selectivity
biases. The result conﬁrms the presence of selectivity bias from the previous two
stages (Table 7). The positive coefﬁcient of the probability of unemployment indicates
that women having a higher probability of unemployment are also more likely to make
off-job search efforts. On the contrary, women with a higher probability of labor force
participation are less likely to engage in an off-job search.
Once we control for the selectivity bias, the discouraged worker effect becomes
visible. The coefﬁcient of the proportion of part-time employees is negative and
statistically signiﬁcant in all years. This implies that unemployed women are less
likely to invest their resources in a job search if they reside in districts where there is a
high prevalence of NSFE. The pooled cross-sectional analysis shows that the
magnitude of the discouraged worker effect declined between 1999/2000 and 2011/
12.21
The age of women is negatively correlated with off-job search efforts. Women
with an employed partner are also less likely to incur job search costs. Local labor
market competition from the rising share of better educated individuals has a negative
20Detailed
21Detailed

results are available in the Online Appendix Tables D21–D25.
results are available in the Online Appendix Tables D26–D28.
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Table 7. Probability of Off-Job Search in Triprobit Model
Variables
Discouraged Worker Effect
Proportion of part-time employees
Selectivity Bias
Probability of unemployment
Probability of labor force participation
Likelihood Ratio Test
Probability > χ 2
Individual Characteristics
Age (years)

1999/2000

2004/05

2009/10

2011/12

4.765*
(2.8220)

5.889***
(1.3750)

4.993*
(2.9500)

4.446**
(2.1230)

9.845***
(0.4710)
2.511***
(0.5290)

5.933***
(1.2740)
0.777*
(0.8870)

6.946***
(1.8850)
1.681*
(1.6020)

7.363***
(1.6540)
2.464*
(1.4070)

0.000

0.000

0.024
(0.0146)
0.266**
(0.1340)

0.043**
(0.0169)
0.171
(0.1160)

0.075***
(0.0214)
0.141
(0.1300)

0.046**
(0.0186)
0.307**
(0.1350)

Presence of married working women in
family

0.013
(0.0593)
0.355
(0.4280)
0.416
(0.3770)

0.007
(0.0343)
0.597*
(0.3060)
0.022
(0.2410)

0.082**
(0.0362)
0.350*
(0.1830)
0.056
(0.2780)

0.005
(0.0217)
1.408***
(0.3150)
0.287*
(0.1540)

District Characteristics
Average education level
Percentage of individuals with at least
secondary education

2.445**
(1.0410)

1.186**
(0.5850)

4.530***
(1.0380)

2.421***
(0.7380)

0.017***
(0.0057)

0.011**
(0.0047)

0.005*
(0.0045)

0.010**
(0.0041)

0.047***
(0.0141)
0.304***
(0.1110)

0.022**
(0.0098)
0.084
(0.0936)

0.009
(0.0095)
0.048
(0.0959)

0.006
(0.0088)
0.007
(0.0855)

Education level
Household Characteristics
Household size
Partner employed

Urbanization
Percentage of urban population
Political participation of women
Percentage of women voters
Geographic dimension

0.000

0.000

Notes: The ﬁgures are estimated coefﬁcients in the trivariate probit model (not marginal effects). The
results for 1987/88 are not available for the job search models due to the nonavailability of clear
information on job characteristics of employed women in this initial round of NSS employment survey.
*** Signiﬁcant at the 1% level, ** signiﬁcant at the 5% level, * signiﬁcant at the 10% level. Standard
errors in the parentheses are clustered at the district level.
Source: Authors’ calculations.
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effect (Blank and Gelbach 2002). Similarly, an increase in the percentage of a district’s
urban population tends to lower job search efforts. This may be due to the commuting
problems arising from overcrowding and congestion in rapidly urbanizing areas (Alam
and Ahmed 2013, Sridhar 2016).
In summary, there is clear evidence of the discouraging effect of the gender wage
gap and underemployment in the local labor market on married women’s job search
efforts. The gender wage gap reduces on-job search efforts, whereas a rise in the
proportion of overqualiﬁed workers negatively inﬂuences on-job search efforts, and an
increase in part-time employment reduces off-job search efforts.

V.

Discussion

The results support our underlying hypothesis that the discouraged worker effect
imposed by poor local labor market conditions has a signiﬁcantly negative inﬂuence
on the labor supply and job search decisions of urban married women.
The unexplained gender wage gap discourages women from entering the labor
force. It also has a negative impact on the job search efforts of employed
women. Thus, the low and stagnant labor force participation rate of married women
in India may partly be explained by their anticipation of gender bias in the local labor
market.
However, this unexplained component of the wage gap may be overestimated or
underestimated due to the omission of the variables (or characteristics) that differ
between married women and men but are not observable (Chevalier 2007). Unlike
men, women’s motivation and expectations behind their labor force participation and
job search efforts are linked with their secondary-earner status and the gendered
division of labor at home (Polachek and Xiang 2014). Their choice of job and
occupation, effort and time devoted to paid employment, and search process may all be
driven by compatibility with family and childcare responsibilities. They often drop out
of the labor force for childbearing or other domestic constraints, resulting in
intermittent periods of work and nonwork over their lifetime (Blau and Kahn 2017).
This discontinuity may inﬂuence the gender wage gap.
The prevalence of underemployment in the form of overqualiﬁed individuals in
the local labor market is also an important factor that is found to discourage employed
women from making job change efforts. Another key ﬁnding is that unemployed
women are less likely to invest their resources in a job search if they are residing in
districts where a large section of individuals are underemployed.
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The presence of selectivity bias in our models helps us to conclude that at the
very initial stage, women may anticipate a gender wage gap and underemployment in
the local labor market, and therefore restrict themselves from entering the labor force,
thus avoiding the subsequent risks of unemployment and job search efforts.
Moreover, an increase in age reduces the likelihood of women being unemployed
and searching for jobs. But a rise in education level enhances the probability of
unemployment for women. On the domestic front, women from higher-income
families and better sociocultural status continue to face patriarchal restrictions in their
labor force participation. Due to the same reason, women with an employed spouse are
less likely to incur job search costs.
Besides, district-level characteristics also have a signiﬁcant inﬂuence on the
labor market behavior of women. The increase in competition due to a rise in the
percentage of the working-age population with at least a secondary education
adversely affects the probability of on-job and off-job search efforts among married
women. Similarly, an increase in the proportion of the urban population has a negative
inﬂuence on the labor supply as well as the job search decisions of unemployed
women.

VI. Conclusion
In this paper, we tried to extend our understanding of the factors associated with
the low and stagnant female labor force participation rate in India by exploring the
importance of local labor market conditions in inﬂuencing women’s labor market
behavior. Spatial restrictions on the mobility of married women limit their labor supply
and job search decisions to the opportunities available in the district or regional labor
market. Hence, macrolevel factors, in addition to individual and household
characteristics, may better explain female labor force trends.
Given limited access to job opportunities, poor local labor market conditions
may discourage women from entering the labor force, making job search efforts, or
taking the risk of switching to better jobs. This paper provides empirical support to the
phenomenon by testing for the presence of a discouraged worker effect arising from
the gender wage gap and underemployment in the local labor market.
We may conclude that the possibility of discriminatory treatment against female
employees, particularly in terms of remuneration and wages paid to them, is a
signiﬁcant factor negatively inﬂuencing their labor supply decisions. Besides, a
shortage of appropriate job opportunities in the local labor market, visible in the form
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of overqualiﬁed employees and nonstandard employment, has a discouraging impact
on female labor market behavior.
From a policy perspective, efforts aimed at enhancing the mobility of urban
women through the availability of affordable, safe, and fast means of public transport
may help reduce their spatial restrictions in accessing labor market opportunities.
Removing gender bias in the labor market and generating secure formal jobs suitable
for optimally utilizing educated women’s skills and expertise constitutes a long-term
sustainable solution to India’s female labor market problems.
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Moving up the global value chain requires an enabling innovation ecosystem
alongside economy-speciﬁc endowments, a mix of supportive policies in broad
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sample economies globally and in developing Asia, the empirical results
suggest that during the transition from a low level of upgrading in a global
value chain to a medium-level one, efforts should focus on increasing the scale
of innovation inputs, allowing ﬁrms to improve in many areas of their capacity
to innovate. To move higher up a global value chain, the design of innovation
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I.

Introduction

The rapid technological advances being made alongside stronger and broader
regional cooperation and integration have helped boost cross-border transactions
through trade and investment. Efﬁciency improvements for moving goods, delivering
services, and exchanging information have substantially reduced costs in globalized
transactions. This process has fostered the formation of global value chains (GVCs),
which have transformed international trade and production patterns. The World Bank
(2017) estimated that GVCs account for 60% of international trade and employ
17 million people.
In a GVC, the stages involved in producing a single product are dispersed across
countries, particularly those where the right skills and input requirements are available
at a competitive cost and quality. Despite the complexity of GVCs, evidence suggests
that participating in them is beneﬁcial, although to varying degrees. The granular
division of production and task specialization enables countries to ﬁnd their niches and
beneﬁt from economies of scale and scope (Cheng et al. 2015). Baldwin and Yan
(2014) found that participating in GVCs results in signiﬁcant productivity gains. They
found an 8%–9% productivity differential between GVC and non-GVC ﬁrms,
identiﬁed by their export and import transactions. GVCs help small and medium-sized
enterprises get into global markets, particularly by ﬁnding their niches (UNCTAD
2010). Industrialization in developing countries can make it possible for them to
participate in GVCs by obviating the need to build in-house production capacity.
Although emerging economies are fairly integrated in supply chains, there are
concerns that GVCs tend to favor advanced economies. This argument stems from the
limited ability of developing economies to upgrade to higher value-added activities.
Milberg (2004), in his theory of endogenous asymmetric market structure in GVCs,
posited that lead ﬁrms retain higher value-added activities (characterized as
oligopolistic with high entry barriers) in their home countries, while offshoring
lower value-added activities (highly competitive with low barriers to entry). This
pattern can be seen in Apple products, with lower value-adding activities largely
outsourced to East Asia, while higher value-adding activities in research and
development (R&D), product design, and marketing are done from their United States
headquarters.1 Relatedly, Heintz (2006) developed a model of the distributive
dynamics of GVCs that shows an unequal distribution of gains from global production
networks.
1This assessment is based on a study by Linden, Kraemer, and Dedrick (2009) that examined which
countries capture more value in the case of Apple’s iPod.
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Moving up the GVC—for example, by capturing more technologically
sophisticated functions—is a challenge for many developing economies. It is not,
however, an insurmountable one, as some developing economies in Asia have shown.
Firms in Taipei,China have made the transition from largely simple production tasks in
the 1980s to the more complex tasks of product design and logistics (Kishimoto 2004).
This upgrading can also be seen in the People’s Republic of China (PRC) (Kee and
Tang 2016, Organisation for Economic Co-operation and Development [OECD]
2007). Taglioni and Winkler (2016) observed that Southeast Asia is increasingly
becoming a hub for knowledge-intensive goods and services.
Much of the literature studying how GVC players from developing countries can
move up the value chain involves the crucial role of innovation. Upgrading the
technological sophistication of production or offering knowledge-intensive activities
within a value chain requires an enabling innovation ecosystem. For a GVC, this
should “shape the ability of actors to master and use existing technologies to carry out
routine tasks and to create new products and processes” (Sampath and Vallejo 2018,
486). A conducive innovation ecosystem for GVCs should involve improvements in
education and supportive policies that foster technological capabilities (e.g., sustained
public R&D and building domestic knowledge and technological absorptive capacity).
This paper aims to characterize an enabling innovation ecosystem that
corresponds to participation at the higher end of GVCs. It is important to understand
the intersection of different levels of GVC upgrading with several dimensions of the
innovation ecosystem. From a policy perspective, more value can be created from
GVCs through upgrading (Humphrey and Schmitz 2002, Kowalski et al. 2015).
Empirical exercises examine the key factors that affect how economies beneﬁt
from GVCs, shedding light on which element of an innovation ecosystem enables
developing economies to catch up and thereby capture a higher portion of the value
chain. These exercises are conducted on both global and developing Asia samples.2
The extent of participation in the higher end of the value chain is derived from the
Asian Development Bank (ADB)’s multiregional input–output based GVC statistics.3
Among GVC components, we focus on the foreign value-added embedded in
intermediate exports, the increasing share of which suggests that industries are
2Developing Asia comprises Bangladesh; Bhutan; Brunei Darussalam; Cambodia; Fiji; Hong Kong,
China; India; Indonesia; Kazakhstan; the Kyrgyz Republic; the Lao People’s Democratic Republic;
Malaysia; Maldives; Mongolia; Nepal; Pakistan; the Philippines; the PRC; the Republic of Korea;
Singapore; Sri Lanka; Taipei,China; Thailand; and Viet Nam.
3These provide a detailed picture of an economy through which mutual interrelationships among
producers and consumers in the economy can be systematically quantiﬁed (the tables are discussed further
in a later section). Input–output tables have become a widely used tool for national accounting, economic
planning, and policy analysis.
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upgrading—that is, shifting more toward producing products required in other
economies’ ﬁnal production or exports. For the innovation ecosystem, the paper uses
the Global Innovation Index indicators that assess the innovation performance in both
input and output dimensions, and the economy- and ﬁrm-level innovation capacity
indicators from the World Economic Forum’s Global Competitiveness Report.4
The paper generally ﬁnds that the transition to higher levels of GVC upgrading
requires an enabling innovation ecosystem alongside economy-speciﬁc endowments, a
mix of supportive policies in broad areas of infrastructure and institutions, and other
enabling factors. Policies that promote innovation are needed to create this ecosystem.
Efforts should focus on increasing the scale in innovation inputs during the transition
from a low level of upgrading to a medium one, allowing ﬁrms to improve in many
areas of their capacity to innovate. To move higher up a global value chain, the design
of innovation policies should gradually emphasize the production of technology,
knowledge, and creative outputs.
The rest of the paper is structured as follows. Section II discusses the intersection
of GVCs and innovation, focusing on the trends observed in developing Asia’s
participation in GVCs. Section III elaborates on the empirical analysis determining the
vital factors that affect how economies beneﬁt from GVCs, with a particular focus on
which elements of the innovation ecosystem help economies capture more value from
GVCs, speciﬁcally in developing Asia. Section IV discusses the policy implications of
the paper’s ﬁndings.

II.

Upgrading Value Chain Participation through Innovation

GVCs are a prominent feature of international trade. Policies that try to leverage
economic growth and development from international production networks have thus
far been informed by efforts to better understand how these networks operate. This
takes its cue from the notion that this pattern of trade not only promotes the production
of exports of goods and services but also facilitates the movement of know-how,
technologies, and human capital.
With this in mind, governments in developing economies are trying to move up
the value chain by promoting the production of high value-added exports in GVCs.

4The Global Innovation Index measures innovation performance not only in human capital and
research but also in institutions, infrastructure, and market and business sophistication, among other areas.
It also measures the ability to produce knowledge, technology, and creative outputs. The index is compiled
by Cornell University, INSEAD, and the World Intellectual Property Organization.
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Upgrading a GVC can take on different forms, such as producing more sophisticated
products, improving efﬁciency and effectiveness, capturing higher value-adding
functions, and getting into new value chains specializing in higher value-added
activities (Humphrey and Schmitz 2002). The literature seems to have reached
consensus on the crucial role that knowledge, technology, and advanced skills play in
the upgrading process (Taglioni and Winkler 2016, UNESCAP 2015). Kaplinsky
(2015), however, emphasized that the ability to upgrade will necessarily vary
depending on domestic capabilities and the size of an economy and its resource
endowments, among other factors.
Establishing an enabling innovation ecosystem clearly merits policy attention,
especially for emerging economies trying to capture the better deals that participating
in a GVC can offer. To do this, it is essential to identify the elements of an innovation
ecosystem and how they interact with varying degrees of participation along the value
chain. Here, the coevolution of GVCs and innovation ecosystem is seen as invaluable,
particularly when this seeks to foster a synchronized system of innovation-building
activities in which participating in a value chain results in the acquisition of knowledge
and skills, and advanced technologies and processes.
Several empirical studies provide evidence that a strong innovation ecosystem
improves GVC participation in developing economies. Sampath and Vallejo (2018)
found that the ability of emerging economies to technologically diversify across export
categories—and hence to be able to participate in GVCs—is linked to a higher-level
innovation ecosystem in the form of public R&D investments, scientiﬁc publications,
intellectual property payments, and registered patents by residents. The study posited
that such a system forces ﬁrms in emerging economies to leverage knowledge ﬂows
within and outside GVCs, and to build export capacity and diversify horizontally into
new GVCs. In a similar vein, Guan (2018) documented how innovation through
investment in R&D helped a chemical company in Singapore to offer new and
improved products amid stiff competition. The PRC’s rise in the global photovoltaic
industry is largely due to how public research institutions caught up with industry
leaders in critical technological areas (de la Tour, Glachant, and Ménière 2011).
Many developing Asian economies have made strides in improving their
innovation performance, as shown by their ranking on the Global Innovation Index
(Figure 1). The PRC experienced the largest increase in the index between 2008 and
2018, allowing it to nearly match the index values of the region’s innovation
powerhouses, especially the Republic of Korea and Singapore. Also performing well
on the index during the review period are India, Indonesia, Malaysia, the Philippines,
and Thailand. Among economies with lower levels of innovation on the index are
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Figure 1. Global Innovation Index, 2008 and 2018

PRC ¼ People’s Republic of China.
Note: The dashed lines are the calculated median of the Global Innovation Index in 2008 and 2018.
Source: Authors’ calculation using data from the Global Innovation Index compiled by Cornell University,
INSEAD, and the World Intellectual Property Organization.

Bangladesh and the Kyrgyz Republic. Economies in this group tend to have weak
human capital development and R&D. Per data from the United Nations Educational,
Scientiﬁc and Cultural Organization, Central Asian economies generally spend less
than 0.2% of gross domestic product (GDP) on R&D and have fewer than 1,000 R&D
personnel per 1 million people. In comparison, the PRC’s R&D expenditure is 2.2% of
GDP, and it has 3,000 R&D personnel per 1 million people.

III. Enabling Factors for Developing Asia to Capture More of the
Global Value Chain
Strengthening the participation of economies in GVCs by upgrading to higher
value-added activities is essential for maximizing the positive spillovers from value
chains—and as noted earlier, this can be achieved in different ways.
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This paper discusses GVC upgrading broadly, based on a multiregional input–
output framework that identiﬁes which industries produce more goods (and more
intermediate goods) for other economies, including those exported to third economies
for ﬁnal goods production. ADB documents, quantiﬁes, and characterizes GVCs in its
Multiregional Input–Output (ADB MRIO) tables. This initiative builds on the latest
World Input–Output Database, following Timmer et al. (2015), to update coverage by
adding 19 ADB member economies. The ADB MRIO tables show from which
economy each industry sources inputs from around the world and to whom each
industry’s output is sold at home and abroad, whether as inputs to downstream
industries or to ﬁnal end users. Other inter-economy input–output databases include
the Eora Multiregional Input–Output database, the OECD’s Inter-Country Input–
Output Tables, and the IDE-JETRO Asian Input–Output Tables.
Applying the GVC index system by Wang, Wei, and Zhu (2018) to the ADB
MRIO tables, ADB has built a panel dataset decomposing gross exports into several
value-added terms at the bilateral-sector level.5 The value-added structure of export
transactions, each with a distinct economic interpretation, is illustrated in Figure 2.
The ﬁrst four parts are the domestic value added embodied in an exporter economy’s
gross exports (ﬁnal or intermediates) to a foreign economy. The ﬁrst three components
are directly and indirectly absorbed by the importer economy, while the fourth
component returns to the exporter economy through its imports and is consumed at
home.
The paper focuses on components 5–8 in Figure 2, which gives the
decomposition of the vertical specialization in trade and provides summary statistics
of international production sharing that are widely used in the GVC literature (e.g.,
Hummels, Ishii, and Yi 2001; Amador and Cabral 2009). The four elements forming
the vertical specialization is an extension of the VS1 measure proposed by Hummels,
Ishii, and Yi (2001). The decomposition by Wang, Wei, and Zhu (2018) enables
examining the components within vertical specialization that represent different types
of GVC participation. The term foreign value added in ﬁnal exports (FVA_FIN)
reﬂects participation at the lower end of value chains because it involves largely ﬁnalassembly activities. By contrast, the foreign value added in intermediate exports
5The accounting methodology in Wang, Wei, and Zhu (2018) improved the gross exports
decomposition framework in Koopman, Wang, and Wei (2014) by identifying the different types of crosscountry production sharing arrangements at much greater disaggregated levels at either the sector, bilateral,
or bilateral-sector level. The distinction made between backward and forward industrial linkages, which is
also used in Borin and Mancini (2017), enables tracing the structure of international production sharing at a
disaggregated level. The online appendixes in Wang, Wei, and Zhu (2018) detail the decomposition
methodology in an input–output framework. The ADB panel dataset covers 63 economies (including the
rest of the world) with 35 sectors for the years 2000 and from 2007 to 2018.
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Figure 2.

Decomposition of Gross Exports

Source: Wang, Zhi, Shang-Jin Wei, and Kunfu Zhu. (2013), 2018. “Quantifying International Production Sharing
at the Bilateral and Sector Levels.” NBER Working Paper Series No. 19677.

(FVA_INT) signals upgrading, which we use to examine the efforts of economies to
get a bigger share of the higher end of the value chain. The growing share of this
suggests that GVC transactions involve more intermediate inputs needed by other
economies’ production. The double-counted terms (PDC) in the vertical specialization
quantify the back-and-forth trade of intermediates, which serves as the measure of the
depth of participation. The vertical specialization structure of Taipei,China exempliﬁes
this trend as it occupies several different positions in the global production chain,
particularly in electronics by producing both memory chips and components that
embed the chips.
A.

Deepening Cross-Economy Production Sharing in Developing Asia

Developing Asia’s comparative advantage in factor inputs, such as labor and
natural resources, initially propelled the region’s crucial role in GVCs, with the PRC
becoming the “factory of the world.” Many countries in Southeast Asia have also
embraced cross-border production-sharing arrangements, largely at the lower end of
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Global Value Chain Participation in Developing Asia, 2000 and 2018

Notes: Dots represent bilateral economy-sector level information on the share of vertical specialization to gross
exports—the VS ratio. Paciﬁc comprises only Fiji, and Central Asia comprises only Kazakhstan and the Kyrgyz
Republic, reﬂecting limitations on economy coverage in the Asian Development Bank’s Multiregional Input–
Output tables.
Source: Authors’ calculation using global value chain statistics from ADB’s Key Indicators Database. https://kidb.
adb.org/themes/global-value-chains (accessed March 15, 2020).

the value chain, such as assembly. Figure 3 shows the share of vertical specialization
to gross exports (VS ratio) at the bilateral economy-sector level in developing Asia as
well as by region in 2000 and 2018. Overall, developing Asia increased its
participation in value chains, with more than 60% of bilateral economy-sector
transactions showing a higher VS ratio in 2018 compared with 2000, driven primarily
by GVC transactions with partners from developing Asia. Only 59.1% of the GVC
transactions with economies outside the region showed a higher VS ratio in 2018 than
2000. This suggests that the region’s value chain participation involves more
intraregional transactions, which is consistent with observations that much of the
value-added distribution in GVCs tends to be within regional blocs, including outside
Asia (Baldwin 2013, De Backer and Yamano 2012).

132 ASIAN DEVELOPMENT REVIEW

Regional integration lowers trade-related costs. The closer distance between
economies within developing Asia reduces transaction costs from transporting goods
and delivering services. This is notwithstanding sharing similarities in other aspects,
such as culture, language, and practices, as well as infrastructure connectivity,
movement of people and capital, and institutional integration. All these features make
cross-border production and trading more efﬁcient. It seems the beneﬁts of more
comprehensive regional integration come from the ability of these relationships to
deepen the involvement of economies in regional value chains, thereby expanding
their role in cross-border production sharing.
Figure 3 shows the striking variations in the extent of participation in crossborder production sharing across regions in developing Asia. The more mature GVC
players in East Asia and Southeast Asia have shown a stable expansion in GVC
activities over time. This pattern highlights the role of knowledge spillovers and
technology diffusion from investments from multinational ﬁrms. Stronger economic
ties among member states of the Association of Southeast Asian Nations could have
also played a role. By comparison, South Asia is less integrated; this is partly because
of high intraregional trade costs (Johns and Mclinden 2016) and the vertical
specialization content of exports in the Paciﬁc and Central Asia remaining limited.
Central Asia’s GVC participation could be enhanced by strengthening the Central Asia
Regional Economic Cooperation Program and similar initiatives.
These observations coincide with the general pattern evidenced in the extent of
regional integration across different subregions in Figure 4. Southeast Asian and East
Asian economies are highly integrated, while Central Asian economies have a lower
level of integration. Integration among the member states of the Association of
Southeast Asian Nations is particularly strong in trade and investment, and the
movement of people. Institutional and social integration, alongside infrastructure and
connectivity cooperation, are boosting integration within East Asia. Regional
integration in Central Asia is being held back by weak integration in ﬁnance, trade
and investment, and the movement of people. Greater economic integration brings
substantial beneﬁts through efﬁciency gains, increases in market size, and cost-sharing
in regional production and cross-border infrastructure (ADB 2019).
B.

Upgrading Concentrated in a Few Mature Global Value Chain
Players in Developing Asia

To determine whether GVC participation in developing Asia is at the lower or
higher end of value chains, we examine the pattern of the FVA_INT as a component of
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Figure 4. Asia-Paciﬁc Regional Cooperation and Integration Index, 2007–2017

Notes: In this ﬁgure, Southeast Asia comprises Cambodia, Indonesia, the Lao People’s Democratic Republic,
Malaysia, the Philippines, Singapore, Thailand, and Viet Nam. Central Asia comprises Georgia, Kazakhstan, and
the Kyrgyz Republic. East Asia comprises the People’s Republic of China; Hong Kong, China; Japan; the
Republic of Korea; and Mongolia. South Asia comprises Bangladesh, India, Nepal, Pakistan, and Sri Lanka. Asia
and the Paciﬁc also includes Australia and New Zealand. The values refer to the index in 2017.
Sources: Asian Development Bank, Asia Regional Integration Center. Asia-Paciﬁc Regional Cooperation and
Integration Index Database. https://aric.adb.org/database/arcii (accessed July 15, 2020).

vertical specialization. A growing share of this component suggests that industries are
shifting more toward producing products required in other economies’ ﬁnal production
or exports. In this complex type of GVC, deﬁned as those involving value added
crossing borders more than once, it can be assumed that industries are able to capture
more value by offering more sophisticated products or services.
Table 1’s all sectors column shows the level of value chain upgrading of
developing Asian economies classiﬁed by the share of foreign value added in
intermediate exports to vertical specialization, or FVA_INT share. From the
information at the bilateral economy-sector level, we calculated the average FVA_INT
share by economy and year (weighted by the size of the bilateral economy-sector VS
ratio). The levels of upgrading are then derived by classifying average FVA_INT share
in the ﬁrst and second quintile as “low,” the third and fourth quintile as “medium,” and
the ﬁfth quintile as “high.” We ﬁnd that many economies in developing Asia have a
low level of GVC upgrading, including Bangladesh, Cambodia, and Nepal. Indonesia,
India, and Viet Nam have a medium level of upgrading. East Asia—particularly the
PRC; the Republic of Korea; and Taipei,China—shows higher levels of upgrading,
with the PRC moving from medium in 2000 to high in 2007.
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Table 1.

Global Value Chain Upgrading Levels in Developing Asia, 2000, 2007,
and 2018
All Sectors

Economy
Bangladesh
Brunei Darussalam
Bhutan
Fiji
Hong Kong, China
Kazakhstan
Kyrgyz Republic
Cambodia
Lao PDR
Sri Lanka
Maldives
Mongolia
Nepal
Pakistan
Philippines
Indonesia
India
Malaysia
Singapore
Thailand
Viet Nam
PRC
Republic of Korea
Taipei,China

Innovative Sectors

2000

2007

2018

2000

2007

2018

Low
Low
Low
Low
Medium
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Medium
Medium
High
High
Medium
Low
Medium
High
High

Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Medium
Medium
Medium
Medium
Medium
Medium
Low
High
High
High

Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Medium
Medium
Medium
Medium
Medium
Medium
High
High
High

Low
Low
Low
Low
Medium
Low
Low
Low
Low
Low
Low
Low
Low
Low
Medium
Medium
Medium
High
High
Medium
Low
Medium
High
High

Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Medium
Medium
Medium
Medium
Medium
Medium
Low
High
High
High

Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Medium
Medium
Medium
Medium
Medium
Medium
Medium
High
High
High

Lao PDR ¼ Lao People’s Democratic Republic, PRC ¼ People’s Republic of China.
Source: Authors’ calculation using global value chain statistics from the Asian
Development Bank’s Key Indicators Database. https://kidb.adb.org/themes/global-valuechains (accessed March 15, 2020).

In East Asia, the Republic of Korea and Taipei,China have long been key players
in exports of sophisticated parts and components to international production chains.
The PRC is building its innovation capacity and—already at a high level of upgrading
—is steadily moving further up the GVC. Taglioni and Winkler (2016) observe that
Southeast Asia is increasingly becoming a hub for knowledge-intensive goods and
services. Interestingly, when looking only at upgrading in Table 1’s innovative sectors
column, the Philippines can be classiﬁed at the medium level of upgrading, a result of
its gradual shift toward advanced manufacturing and services from limited
manufacturing (World Bank 2020).6 Belderbos et al. (2016) documented the growing
6For

the deﬁnition of innovative sectors, see Figure 6.

ENABLING

AN INNOVATION

ECOSYSTEM

AND

PARTICIPATION 135

number of ﬁrms deciding to offshore R&D and innovative activities. Among the cities
in Asia beneﬁting from this trend are Bangalore (now Bengaluru), Beijing, Shanghai,
and Singapore. But many economies in the region, particularly low-income ones,
either have limited participation in GVCs or are at the low end of the value chain,
specializing in tasks that rely more on unskilled labor. If this persists, these economies
will have fewer opportunities to acquire the technological know-how and skills needed
to move up the GVC.
Later in the empirical section, the paper assesses how value chain upgrading also
varies depending on how economies are positioned in their production networks.
Using the ADB MRIO tables and following the production activity decomposition
framework in Wang et al. (2017), ADB has built a panel dataset of two GVC
participation indices in both simple and complex value chains, with the latter involving
factor content crossing a border at least twice.7 The ﬁrst index relates to the domestic
value added generated from an economy-sector pair’s GVC activities through
downstream ﬁrms (backward-linkage participation index). The second index refers to
the value added that is involved in GVC activities through the upstream ﬁrms
(forward-linkage participation index). Intuitively, one can identify whether participation
in production networks involves more upstream or downstream activities.
Figure 5 shows the level of backward and forward GVC participation in
developing Asia. A higher degree of forward participation relative to backward
participation implies active involvement in upstream production activities in
production networks. GVC transactions in developing Asia are primarily in
downstream activities, particularly those involved in complex GVCs. In 2017, only
a third of economy-sector pairs had higher forward participation relative to backward
participation, largely from GVC activities from Malaysia, the PRC, the Republic of
Korea, and Thailand, and mainly from service sectors relating to ﬁnance, professional
activities, and trade.
Although the calculated ratio of forward to backward participation is relatively
lower in Hong Kong, China; Singapore; Taipei,China; and Viet Nam; their individual
forward and backward participation indices are above the median indices in the region.
This means that these economies have higher value-added content in global production
networks. Relatedly, there are many manufacturing activities that have a low ratio of
forward to backward participation, but still have above-median indices of both forward
and backward participation. This is particularly the case for R&D intensive
manufacturing activities, such as basic metals, chemicals, electrical equipment, and

7Detailed

mathematical derivations are in the appendix of Wang et al. (2017).
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Figure 5.

Backward and Forward Global Value Chain Participation in Developing Asia

(a)

(b)

(c)

GVC ¼ global value chain.
Note: Numbers refer to the percentage share of sector value added.
Source: Authors’ calculation using GVC statistics from the Asian Development Bank’s Key Indicators Database.
https://kidb.adb.org/themes/global-value-chains (accessed March 15, 2020).

machinery. It is also observed in transport services since these are critical for a wellfunctioning, cross-economy production chain.

IV. Empirical Analysis
This section details the empirical exercises to identify the essential factors that
inﬂuence how economies capture activities that create more value from GVCs. To
enable economies to deepen their participation at the higher end of GVCs, trade and
investment policies should foster openness and be complemented by policies
promoting well-functioning markets, such as fair competition (OECD 2007).
Van der Marel (2015) examines three major factors that affect the position of
economies in a GVC. The ﬁrst is the importance of structural forces, such as domestic
market and economic size, and factor endowments. These include human, physical,
information, and communication-technology-related capital; knowledge capital;
internet penetration; and the rule of law. The second factor is the trade and regulatory
regimes that are vital for an economy’s participation in a GVC and, ultimately, its
capabilities to move up the chain. The third is the ease of conducting business
transactions and the extent to which regulatory barriers to trade-related services affect
the decisions of multinational companies on where to locate their innovation and
production facilities. Policies related to foreign direct investment, labor market
regulation, availability of credit, and competition also play important roles.
It is well-established in the GVC literature that moving up the value chain
requires a high level of sophistication, and technological and innovation capacity. The
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level of knowledge and technology in an economy’s production and exports are
determining factors for its position in a GVC (Taglioni and Winkler 2016). The
capacity to innovate will create opportunities to derive more value from production. It
is noteworthy that the PRC’s R&D is already higher than that of many advanced
economies and is on its way to surpassing R&D spending in the United States. To
sustain a culture of innovation and creativity, economies should equip their workers
with skills that can handle higher value-added activities. To stimulate innovation,
economies need to protect intellectual property rights and complement this with
practices, tools, and networks that increase access to knowledge. It requires a great
deal of innovation to be able to participate in a GVC focused on innovative activities
(World Bank 2020).
A.

Data and Estimating Equation

Using the calculated levels of upgrading based on the ratio of FVA_INT to
vertical specialization—low, medium, and high—we examine the various factors that
could help economies move toward a higher value-adding share of GVCs and, in
doing so, leverage these networks to advance economic development. The data are
from the ADB panel dataset on GVC-related statistics based on ADB MRIO tables
discussed in previous sections.
Given the three possible outcomes (low, medium, high) of upgrading, we use a

multinomial logit model to estimate the log-odds, log iJij , of economy i to move
upward (medium and high) relative to being in the lower end of the value chain, while
considering various factors, most importantly variations in several dimensions of
innovation. Assuming that the log-odds of each outcome follow a linear model, we
estimate the following:
ηij ¼ log

ij
¼ αj þ x 0it βj þ ijt ,
iJ

ð1Þ

where αj is a constant and βj is a vector of coefﬁcients for j ¼ low, medium, or high,
with low or medium as the base category over the upgrading outcomes to consider
both leveling up from low to medium and from medium to high. The error term, ijt , is
assumed independent and identically distributed across all outcomes j.
The vector of independent variables, x 0it , based on the literature cited, are
essential factors for economies moving higher up the value chain that need to be
controlled to draw unbiased estimates on the inﬂuence of innovation variables. The log
of real GDP per capita tries to purge the effect of varying domestic market size and

138 ASIAN DEVELOPMENT REVIEW

purchasing power. The variable also attempts to isolate expectations that higherincome economies tend to be at the higher end of value chains. The other indicator is
domestic market size index from the World Economic Forum’s Global Competitiveness Report.8
Several infrastructure variables with their corresponding quality also form part of
the equation; this is because good logistics and soft infrastructure facilitate the efﬁcient
movement of goods and delivery of services. For trade logistics infrastructure, we use
the World Bank’s Logistics Performance Index.9 This examines the efﬁciency of
customs and border management clearance; the quality of trade and transport
infrastructure; the ease of arranging competitively priced shipments; the competence
and quality of logistics services (trucking, forwarding, and customs brokerage); the
ability to track and trace consignments; and the timeliness of shipments. The soft
infrastructure variable, which includes the intensive use of information and
communication technology, is captured in the innovation indicators discussed in the
rest of this section.
Selected policy-related variables also form part of the speciﬁcation to investigate
how structural forces inﬂuence the participation of economies at the higher end of
GVCs. These include policies to promote openness to trade and investment,
institutional quality, and innovation. The ease of trading and investing overseas are
obviously critical elements for GVCs. We use information on the prevalence of trade
barriers from the Global Competitiveness Report and foreign direct investment (net
inﬂows, percentage of GDP) from the World Bank’s World Development Indicators
database.10 An equally important element for GVCs is the quality of domestic public
sector institutions. Businesses participating in GVCs tend to deal with quite a few
government procedures for trading and other activities. Here, governments should
ensure these transactions can be carried out smoothly to avoid backlogs. For this
aspect, we use the intellectual property protection and strength of investor protection
indicators in the Global Competitiveness Report alongside the number of procedures
involved in registering property from the World Bank’s Doing Business project.11

8The size of the domestic market is calculated as the natural log of the sum of the GDP valued at
purchasing power parity (PPP) plus the total value (PPP estimates) of imports of goods and services, minus
the total value (PPP estimates) of exports of goods and services. Data are then normalized on a 1–7 scale.
9World Bank. Logistics Performance Index. https://lpi.worldbank.org/ (accessed March 15, 2020).
10World Bank. World Development Indicators. https://databank.worldbank.org/source/worlddevelopment-indicators (accessed March 15, 2020).
11World Bank. Doing Business. https://www.doingbusiness.org/en/doingbusiness (accessed March
15, 2020).
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To achieve the ultimate objective of this paper—characterizing the nexus of an
enabling innovation ecosystem and participation at the higher end of GVCs—several
dimensions forming part of the innovation ecosystem are added. The econometric
speciﬁcation uses the Global Innovation Index. In separate exercises, we distinguish
the effect between innovation input (i.e., institutions, human capital and research,
infrastructure, market sophistication, and business sophistication) and innovation
output, which refers to the ability to produce knowledge, technology, and creative
outputs.
To provide more insights, several elements of innovation capacity from the
Global Competitiveness Report are also used, categorized here as national and ﬁrm
level. National innovation capacity includes the availability of scientists and engineers,
university–industry collaboration in R&D, the quality of scientiﬁc research
institutions, and the availability of latest technologies. Firm-level innovation capacity
includes the extent of marketing, company spending on R&D, the sophistication of
production processes, the quantity and quality of local suppliers, and the absorption of
technology by companies.
The baseline equation (1) is estimated using pooled multinomial logistic
regression with robust standard errors to account for possible correlation across
years. Fixed effects panel estimation is not carried out due to limited variation in the
outcome variable across the observations. The baseline cross-economy panel data have
an unbalanced structure because of the availability of information. The analysis covers
55 economies—18 from developing Asia—over the period 2009–2018.
B.

Summary Statistics

Table 2 summarizes the stylized facts of the varying characteristics of economies
at different levels of upgrading. It is clear from the table how upgrading in a GVC
differs with the level of development. Real GDP per capita is highest among
economies at the higher end of the value chain. It is therefore essential to include real
GDP per capita as one of the controlling factors. Economies with a better performance
in trade logistics—that is, those that can efﬁciently move goods and deliver services—
are classiﬁed under the economies with a high level of upgrading. This is particularly
true in all dimensions of logistics performance. Better telecommunication
infrastructure, especially ﬁxed broadband, is apparent, on average, among economies
with a high level of upgrading. Trade barriers and the enforcement of investor
protection also vary with the level of GVC upgrading.
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Table 2.

Variable

Summary Statistics of Explanatory Variables
No. of
Observations

(a) Economies with a low level of GVC upgrading
Real GDP per capita (log)
181
Domestic market size index
181
Logistics Performance Index,
181
overall
Customs
181
Infrastructure
181
Ease of arranging shipments
181
Quality of logistics services
181
Tracking and tracing
181
Timeliness
181
Fixed-broadband subscriptions
181
Mobile-cellular telephone
181
subscriptions
Number of procedures to register
181
property
Strength of investor protection,
181
0–10 (best)
FDI, net inﬂows (% of GDP)
181
Intellectual property protection,
181
1–7 (best)
Prevalence of trade barriers, 1–7
181
(best)

Mean

Std Dev

Minimum

Maximum

8.7
3.4
2.8

1.3
0.8
0.5

6.3
1.9
0.0

10.6
5.0
3.9

2.6
2.6
2.8
2.7
2.8
3.2
15.0
115.6

0.5
0.5
0.5
0.5
0.5
0.6
12.6
30.0

0.0
0.0
0.0
0.0
0.0
0.0
0.1
20.8

3.8
4.0
3.8
3.9
3.9
4.1
43.7
270.0

6.1

2.5

1.0

11.0

5.8

1.0

3.0

8.0

10.3
3.6

32.3
0.8

–37.2
2.0

280.1
5.9

4.5

0.5

3.6

5.8

1.2
0.8
0.4

7.1
2.5
2.5

11.6
6.4
4.2

0.5
0.5
0.3
0.4
0.4
0.3
12.2
29.5

2.0
2.3
2.5
2.5
2.5
3.0
0.6
43.1

4.2
4.3
4.2
4.3
4.4
4.8
46.4
251.8

2.6

1.0

14.0

1.5

2.7

9.3

12.9

–41.5

80.8

(b) Economies with a medium level of GVC upgrading
Real GDP per capita (log)
250
9.9
Domestic market size index
250
4.6
Logistics Performance Index,
250
3.5
overall
Customs
250
3.3
Infrastructure
250
3.5
Ease of arranging shipments
250
3.4
Quality of logistics services
250
3.5
Tracking and tracing
250
3.6
Timeliness
250
3.9
Fixed-broadband subscriptions
250
22.7
Mobile-cellular telephone
250
126.6
subscriptions
Number of procedures to register
250
5.2
property
Strength of investor protection,
250
6.0
0–10 (best)
FDI, net inﬂows (% of GDP)
250
6.3

Continued.
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Table 2. Continued.
Variable
Intellectual property protection,
1–7 (best)
Prevalence of trade barriers, 1–7
(best)

No. of
Observations

Mean

Std Dev

Minimum

Maximum

250

4.7

1.2

2.5

6.6

250

4.8

0.7

3.4

6.7

10.4
5.6
3.8

0.7
0.8
0.3

8.3
3.9
3.1

11.3
7.0
4.2

3.6
3.9
3.6
3.9
3.9
4.1
31.3
109.3

0.3
0.3
0.2
0.3
0.3
0.2
8.8
20.6

2.7
2.9
3.0
3.0
3.0
3.4
7.6
54.9

4.1
4.4
4.1
4.3
4.3
4.5
44.8
162.3

6.0

1.4

4.0

9.0

6.3

1.2

4.3

8.7

4.2
5.2

9.2
0.8

26.2
3.4

41.9
6.5

4.7

0.5

3.8

5.9

(c) Economies with a high level of GVC upgrading
Real GDP per capita (log)
113
Domestic market size index
113
Logistics Performance Index,
113
overall
Customs
113
Infrastructure
113
Ease of arranging shipments
113
Quality of logistics services
113
Tracking and tracing
113
Timeliness
113
Fixed-broadband subscriptions
113
Mobile-cellular telephone
113
subscriptions
Number of procedures to register
113
property
Strength of investor protection,
113
0–10 (best)
FDI, net inﬂows (% of GDP)
113
Intellectual property protection,
113
1–7 (best)
Prevalence of trade barriers, 1–7
113
(best)

FDI ¼ foreign direct investment, GDP ¼ gross domestic product, GVC ¼ global value chain.
Source: Authors’ calculation.

Table 3 gives the summary statistics of the several elements of an innovation
ecosystem. Like the other explanatory variables, economies at different levels of
upgrading also vary in several dimensions of innovation, with those at the higher end
of value chains showing advances in many areas of the innovation ecosystem. The
Global Innovation Index, for example, is higher among economies classiﬁed as having
a high level of GVC upgrading. This observation holds for different innovation input
and output pillars. It also holds for innovative capacity, both at the national and ﬁrm
level.

142 ASIAN DEVELOPMENT REVIEW
Table 3.

Variable

Summary Statistics of Innovation Ecosystem Indicators
No. of
Observations

(a) Economies with a low level of GVC upgrading
Global Innovation Index
181
Innovation input
181
Innovation output
181
Capacity for innovation, 1–7 (best)
181
National innovation capacity
Availability of scientists and
181
engineers
University–industry
181
collaboration in R&D
Quality of scientiﬁc research
181
institutions
Availability of latest
181
technologies
Firm-level innovation capacity
Extent of marketing
181
Production process
181
sophistication
Local supplier quantity
181
Local supplier quality
181
Company spending on R&D
181
Firm-level technology
181
absorption

Mean

Std Dev

Minimum

Maximum

36.2
42.8
29.7
3.5

8.7
9.2
9.4
0.7

21.1
23.7
12.1
2.0

55.5
66.7
53.3
5.0

4.0

0.5

2.8

5.4

3.4

0.6

2.0

4.9

3.7

0.8

2.0

5.4

4.8

0.7

3.3

6.3

4.1
3.6

0.5
0.6

2.6
2.3

5.3
5.4

4.5
4.4
3.1
4.6

0.4
0.5
0.5
0.5

3.5
3.3
1.8
3.4

5.5
5.4
4.4
5.6

10.4
11.5
10.4
0.9

27.5
30.6
18.5
2.7

68.4
74.9
68.6
6.2

0.6

3.3

6.3

0.8

2.9

6.0

0.8

3.2

6.6

0.8

3.6

6.9

0.6
0.9

3.2
3.0

6.2
6.5

0.5
0.6
0.9

3.4
3.6
2.7

5.9
6.4
6.1

(b) Economies with a medium level of GVC upgrading
Global Innovation Index
250
47.6
Innovation input
250
54.5
Innovation output
250
40.7
Capacity for innovation, 1–7 (best)
250
4.3
National innovation capacity
Availability of scientists and
250
4.6
engineers
University–industry
250
4.4
collaboration in R&D
Quality of scientiﬁc research
250
4.8
institutions
Availability of latest
250
5.6
technologies
Firm-level innovation capacity
Extent of marketing
250
4.9
Production process
250
4.9
sophistication
Local supplier quantity
250
5.0
Local supplier quality
250
5.1
Company spending on R&D
250
4.1

Continued.
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Table 3. Continued.
Variable
Firm-level technology
absorption

No. of
Observations

Mean

Std Dev

Minimum

Maximum

250

5.3

0.6

3.4

6.5

53.1
59.8
46.4
4.9

6.4
6.9
7.3
0.6

34.6
42.2
26.4
3.1

63.4
70.8
60.9
6.0

4.9

0.5

4.0

5.9

4.9

0.7

3.1

5.9

5.4

0.7

3.4

6.4

5.9

0.7

4.2

6.6

5.3
5.5

0.6
0.7

4.3
3.7

6.5
6.6

5.4
5.5
4.7
5.5

0.4
0.5
0.7
0.5

4.7
4.3
3.1
4.2

6.4
6.4
6.0
6.4

(c) Economies with a high level of GVC upgrading
Global Innovation Index
113
Innovation input
113
Innovation output
113
Capacity for innovation, 1–7
113
(best)
National innovation capacity
Availability of scientists and
113
engineers
University–industry collaboration
113
in R&D
Quality of scientiﬁc research
113
institutions
Availability of latest technologies
113
Firm-level innovation capacity
Extent of marketing
113
Production process
113
sophistication
Local supplier quantity
113
Local supplier quality
113
Company spending on R&D
113
Firm-level technology absorption
113

GVC ¼ global value chain, R&D ¼ research and development.
Source: Authors’ calculation.

V.

Empirical Findings

Table 4 reports the coefﬁcient estimates of the baseline multinomial logistic
regression given in equation (1). The estimates generally support the stylized facts in
earlier discussions. Column 1 shows how the factors of domestic market size, trade
logistics infrastructure, and regulatory quality inﬂuence the transition of economies
from the lower level of upgrading to the medium level. This is done by estimating the
baseline equation with the low level of upgrading as the reference category. The roles
of market size, quality of trade logistics, and a favorable environment for foreign
investment and property registration for moving up a GVC are apparent. It is
interesting to note that the strength of investor protection in an economy has a negative
coefﬁcient, which poses a counterintuitive interpretation. This could partly be
explained by the fact that foreign investors do not have homogeneous motives when
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Table 4.

Factors Inﬂuencing the Transition to a Higher Level of the Value Chain
Low to Medium
Level of Upgrading

Variable
Real GDP per capita (log)
Domestic market size index
Logistics Performance Index
Number of procedures in property
registration
Strength of investor protection
FDI, net inﬂows (% of GDP)
Intellectual property protection
Prevalence of trade barriers
Global Innovation Index

Constant

Observations
Pseudo R 2
Log likelihood

All
Economies
(1)

Developing
Asia
(2)

Medium to High
Level of Upgrading
All
Economies
(3)

Developing
Asia
(4)

0.066
(0.259)
4.178***
(0.634)
4.881***
(1.232)
0.325**
(0.145)
0.563***
(0.119)
0.008*
(0.005)
0.246
(0.382)
0.305
(0.568)
0.223***
(0.055)

4.463**
(2.068)
11.077***
(3.516)
7.174***
(2.403)
1.912**
(0.754)
1.003**
(0.400)
0.219***
(0.074)
1.250
(0.802)
2.176***
(0.743)
0.797***
(0.289)

1.153***
(0.318)
3.013***
(0.360)
4.824***
(1.828)
0.282***
(0.085)
0.068
(0.116)
0.012
(0.015)
0.326
(0.314)
0.076
(0.331)
0.002
(0.038)

14.002***
(0.841)
19.380***
(0.732)
25.309***
(5.835)
1.708***
(0.537)
6.724***
(0.637)
0.953***
(0.062)
6.650***
(0.972)
5.730***
(1.167)
2.097***
(0.165)

34.556***
(6.334)

41.268***
(12.545)

44.971***
(5.852)

184.175***
(14.876)

544
0.705
168.3

181
0.951
8.506

544
0.705
168.3

181
0.951
8.506

FDI ¼ foreign direct investment, GDP ¼ gross domestic product.
Notes: Robust standard errors in parentheses. ***p < 0:01, **p < 0:05, and *p < 0:1.
Source: Authors’ calculation.

investing (e.g., priority may be given to other essential elements such as market
access). Similarities can be found in examining only economies in developing Asia,
with the exception of a signiﬁcant positive inﬂuence for strengthening investor
protection (column 2). In both samples, economies at a low level of upgrading need to
improve their innovation ecosystems so they can move into the medium level.
Columns 3 and 4 are the empirical results of an exercise showing how
economies in the medium level of upgrading can potentially transition to a high
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level. This exercise necessitates using medium upgrading as the reference category
in estimating equation (1). The positive inﬂuence of market access and the quality of
logistics infrastructure is clear. But economies in developing Asia at the medium
level of upgrading seem to have reached gradual improvement in trade logistics,
causing a negative coefﬁcient on the Logistics Performance Index in column 4. In
contrast to the transition from low to medium, the coefﬁcient of property registration
becomes positive, while strength in investor protection is ambiguous. This can also
be explained by the differing motives of investors. Based on the results, marketseeking seems at play in GVC upgrading, which puts a priority on the size and
purchasing power of the domestic market and efﬁciency-seeking motives. In
developing Asia, the transition to a high level of upgrading from a medium one
requires the elimination of nontariff barriers that limit the entry of imported
intermediates. And, particularly in developing Asia, enhancing innovation
performance earns more weight in the transition from a medium to high level of
upgrading. Although, it should be noted that the innovation ecosystem shows an
ambiguous result in the global sample. As the results in Tables 5–8 show, this is
because of the differing needs or focus of each upgrading in terms of innovation. To
avoid potential collinearity resulting in biased estimates, note that each coefﬁcient
from Tables 5–8 is derived by estimating equation (1) with all the baseline control
variables in separate regressions for each innovation variable, except for innovation
input and output, which are jointly added.
Table 5 shows that the ability of economies to produce knowledge and
technology, and creative outputs and content, is essential for capturing the higher end
of a value chain. From a policy perspective, while it is important to increase the scale
of investments in innovation inputs, policy makers should be aware of the need to
produce knowledge and creative outputs. It is the case, however, that the transition
from a low to medium level of upgrading requires a sizable effort to improve
innovation inputs. To move to the higher end of a value chain, especially for ﬁrms at
the medium level, innovation efﬁciency, as Table 5 shows, should be the focus.
Table 5 also shows the signiﬁcant heterogeneity in the mix of innovation
components that could potentially facilitate a transition to higher levels of GVC
upgrading. It is also apparent that upgrading can be different in the developing Asian
context, with other areas of innovation capacity inﬂuencing upgrading in stark contrast
with the global sample. In general, as observed in the global and developing Asian
samples, GVC upgrading requires strengthening the role of local suppliers, particularly
for quality. A gradual shift to sophisticated production processes and increased R&D
spending are viable ways for economies to boost their GVC upgrading efforts.

146 ASIAN DEVELOPMENT REVIEW
Table 5.

Innovation Ecosystem and Value Chain Upgrading
Low to Medium
Level of Upgrading

Variable
Global Innovation Index, overall
Innovation input
Innovation output
Areas of innovation capacity
Availability of scientists and engineers
University–Industry collaboration in R&D
Quality of scientiﬁc research institutions
Availability of latest technologies
Extent of marketing
Production process sophistication
Local supplier quantity
Local supplier quality
Firm-level technology absorption
Company spending on R&D

Medium to High
Level of Upgrading

All
Economies
(1)

Developing
Asia
(2)

All
Economies
(3)

0.223***
(0.055)
0.021
(0.066)
0.157***
(0.058)

0.797***
(0.289)
0.723***
(0.196)
0.348*
(0.179)

0.002
(0.038)
0.117**
(0.047)
0.065*
(0.038)

0.626
(0.462)
0.647
(0.436)
0.088
(0.423)
1.674*
(0.862)
0.966*
(0.569)
2.562***
(0.573)
0.563
(0.515)
1.747***
(0.593)
0.073
(0.630)
2.846***
(0.533)

5.296***
(1.621)
14.856***
(3.296)
11.990***
(2.412)
16.217***
(3.378)
7.198**
(2.903)
3.485
(2.829)
3.996*
(2.048)
6.108***
(2.177)
26.820***
(7.875)

0.984**
(0.449)
0.869**
(0.418)
0.742*
(0.449)
0.142
(0.510)
0.844
(0.544)
2.377***
(0.632)
0.577
(0.479)
1.857***
(0.714)
0.594
(0.416)
0.831**
(0.369)

Developing
Asia
(4)
2.097***
(0.165)
0.429***
(0.166)
1.374***
(0.148)
9.779***
(1.670)
1.009
(3.763)
21.563***
(2.127)
20.301***
(2.926)
16.193***
(1.195)
21.294***
(3.394)
12.290***
(1.109)
17.327***
(1.471)
11.650***
(3.817)

R&D ¼ research and development.
Notes: Innovation input and output are jointly added in equation (1). The maximum likelihood estimation
of the baseline multinomial logistic regression model fails to converge in the empty cells. Robust standard
errors in parentheses.
***p < 0:01, **p < 0:05, and *p < 0:1.
Source: Authors’ calculation.

It is interesting to note that a huge catch-up is expected by economies in
developing Asia at the low level of GVC upgrading to the medium level. This view is
supported by estimates that an improved performance in innovation input has more
weight relative to innovation output. Making progress on all components of capacity
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Innovation Ecosystem and Value Chain Upgrading in Research and Development
Intensive Industries
Low to Medium
Level of Upgrading

Variable
Global Innovation Index, overall
Innovation efﬁciency
Areas of innovation capacity
Availability of scientists and engineers
University–Industry collaboration in R&D
Quality of scientiﬁc research institutions
Availability of latest technologies
Extent of marketing
Production process sophistication
Local supplier quantity
Local supplier quality
Firm-level technology absorption
Company spending on R&D

All
Economies
(1)

Developing
Asia
(2)

0.005
(0.051)
5.517***
(1.866)

1.223***
(0.431)
1.877
(5.175)

0.060
(0.452)
1.701***
(0.471)
0.767
(0.469)
0.182
(0.547)
1.676***
(0.539)
4.479***
(0.696)
0.235
(0.543)
1.768***
(0.574)
0.814
(0.546)
2.966***
(0.694)

1.985
(1.682)
3.787
(3.460)
3.365
(2.551)
1.803
(2.596)
1.797
(1.980)
0.080
(2.530)
0.645
(3.006)
0.764
(2.928)
0.351
(1.896)

Medium to High
Level of Upgrading
All
Economies
(3)
0.023
(0.039)
1.732
(1.918)
0.291
(0.484)
0.817*
(0.429)
0.707
(0.431)
0.082
(0.508)
0.482
(0.559)
1.700***
(0.605)
0.586
(0.455)
2.624***
(0.720)
0.485
(0.397)
0.608*
(0.341)

Developing
Asia
(4)
1.980***
(0.255)
30.856***
(2.868)
13.031***
(1.496)
1.176
(2.645)
11.647***
(4.201)
14.536***
(1.488)
16.396***
(1.232)
21.911***
(3.145)
19.056***
(4.414)
18.807***
(2.001)
9.670**
(3.955)

R&D ¼ research and development.
Notes: The innovation efﬁciency ratio substitutes joint addition of innovation input and output in equation
(1) to overcome convergence issues. The maximum likelihood estimation of the baseline multinomial
logistic regression model fails to converge in the empty cells. Robust standard errors in parentheses.
***p < 0:01, **p < 0:05, and *p < 0:1.
Source: Authors’ calculation.

to innovate is essential to make the transition from the low to the medium level of
upgrading. Capturing better deals in GVCs requires ﬁrm-level knowledge and
technology absorption largely from the use of the latest technologies, learning from
various sources such as university–industry collaboration and public research
institutions, and by developing human resources.
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Table 7. Innovation Ecosystem and Upgrading at Different Global Value Chain Levels
Low to Medium
Level of Upgrading

Variable
Global Innovation Index, overall
Innovation efﬁciency

Medium to High
Level of Upgrading
Interaction with
Complex GVC
Participation
(4)

Baseline
(1)

Interaction with
Complex GVC
Participation
(2)

0.224**
(0.094)
9.379***
(3.496)

0.119
(0.096)
8.733**
(4.395)

0.067
(0.045)
2.406
(2.818)

0.073
(0.049)
0.884
(3.445)

1.311
(1.027)
1.533
(1.189)
1.282
(1.095)
1.827
(1.472)
1.965
(1.319)
1.118
(1.483)
3.870**
(1.752)
1.285
(1.680)
0.840
(1.828)
4.177***
(1.212)

0.528
(0.678)
0.634
(0.542)
0.606
(0.524)
0.900
(0.845)
1.572**
(0.797)
2.137***
(0.799)
0.186
(0.664)
1.268
(0.821)
1.217
(0.855)
0.279
(0.506)

1.031
(0.876)
0.197
(0.537)
0.283
(0.508)
1.031
(0.679)
1.269
(0.829)
1.297**
(0.629)
1.630
(1.031)
2.200***
(0.828)
0.448
(0.806)
0.790
(0.506)

Areas of innovation capacity
Availability of scientists and
0.998
engineers
(0.954)
University–Industry collaboration
1.039
in R&D
(0.707)
Quality of scientiﬁc research
0.007
institutions
(0.482)
Availability of latest technologies
0.168
(0.746)
Extent of marketing
1.259
(1.067)
Production process sophistication
3.019***
(0.794)
Local supplier quantity
0.229
(1.435)
Local supplier quality
3.672**
(1.821)
Firm-level technology absorption
2.000***
(0.734)
Company spending on R&D
2.401***
(0.926)

Baseline
(3)

GVC ¼ global value chain, R&D ¼ research and development.
Notes: The innovation efﬁciency ratio substitutes joint addition of innovation input and output in
equation (1) to overcome convergence issue. Robust standard errors in parentheses. ***p < 0:01,
**p < 0:05, and *p < 0:1.
Source: Authors’ calculation.

A.

Global Value Chain Upgrading in Research and Development
Intensive Industries

The results discussed in the previous section offer insights that relate to
all sectors. In this section, we examine only the GVC participation of innovative
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Innovation Ecosystem and Value Chain Breadth
Low to Medium
Level of Upgrading

Variable
Global Innovation Index
Innovation efﬁciency
Areas of innovation capacity
Availability of scientists and engineers
University–Industry collaboration in R&D
Quality of scientiﬁc research institutions
Availability of latest technologies
Extent of marketing
Production process sophistication
Local supplier quantity
Local supplier quality
Firm-level technology absorption
Company spending on R&D

All
Economies
(1)

Developing
Asia
(2)

0.009
(0.027)
2.581**
(1.151)

0.028
(0.067)
3.755*
(2.229)

1.685***
(0.359)
1.311***
(0.272)
0.656**
(0.270)
1.468***
(0.344)
2.894***
(0.457)
4.121***
(0.518)
2.752***
(0.380)
2.674***
(0.509)
1.628***
(0.326)
2.466***
(0.382)

4.789***
(1.435)
4.473***
(1.197)
6.135**
(2.386)
3.731**
(1.731)
9.108***
(1.940)
7.499***
(2.195)
3.158***
(1.160)
4.928***
(1.645)
4.697***
(1.568)
8.484***
(2.030)

Medium to High
Level of Upgrading
All
Economies
(3)
0.044
(0.048)
2.475
(1.947)
0.038
(0.523)
1.243**
(0.485)
1.182**
(0.515)
0.295
(0.988)
1.657**
(0.799)
3.236***
(0.627)
2.362***
(0.453)
2.335***
(0.625)
0.153
(0.936)
1.635***
(0.482)

Developing
Asia
(4)
0.721
(0.473)
37.709**
(17.465)
1.245
(3.545)
5.344
(4.669)
2.518
(4.370)
6.039*
(3.266)
10.325
(8.873)
6.752*
(4.019)
570.817***
(16.577)
17.426
(10.908)
14.369**
(5.647)
0.112
(2.881)

R&D ¼ research and development.
Notes: The innovation efﬁciency ratio substitutes joint addition of innovation input and output in equation
(1) to overcome convergence issue. Robust standard errors in parentheses. ***p < 0:01, **p < 0:05, and
*p < 0:1.
Source: Authors’ calculation.

sectors—that is, those identiﬁed as having above-average R&D intensity. It can be
assumed that the capacity of these sectors to undertake knowledge and marketknowledge activities, and the ability to be a critical source of sophisticated
intermediates, are higher than for other sectors. We use sector-level R&D intensity
information from the OECD’s Science, Technology and Industry Scoreboard 2017 for
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30 advanced economies and 35 sectors, which we map to the ADB MRIO sectors.12
Using the median R&D intensity of advanced economies in 2015, we classify sectors
in different levels: low, medium, medium high, and high. Less R&D-intensive sectors
are those with an R&D intensity below the median. Those with above-median R&D
intensity are classiﬁed as medium to high. With these distinctions, we recalibrate the
economy-speciﬁc GVC upgrading level covering only the nine sectors classiﬁed as
medium to high R&D intensive, as shown in Figure 6.
Table 6 tabulates the coefﬁcient estimates in equation (1) with the upgrading
level derived from the information on R&D-intensive industries. In the global sample,
efforts to improve the efﬁciency of innovation policies are driving GVC upgrading
from the low to the medium level. This transition could be further facilitated by
making broad-based advances in many areas related to innovation capacity—for
example, the use of the latest technologies in production processes, increased R&D,
and collaboration with knowledge bodies. The transition from a medium to high level
of GVC upgrading requires making further progress in both areas.
For developing Asia, a gradual improvement in innovation performance is
needed to facilitate a shift toward the higher level of GVC upgrading. Our exercise
returned rather ambiguous results for the transition from the low to the medium level
of upgrading in examining the areas of innovation capacity. A transition to the high
level of upgrading requires considerable improvements in turning innovation
investments into relevant innovation outputs. Efforts to boost the capability of local
suppliers in value chains and intensify their technological absorption are needed. This
should be regarded as an issue of high importance.
B.

Concentration Effects in Upstream and Downstream Activities

Another potential source of the heterogeneity of the results is the position in a
global production network. Economies with higher forward than backward
participation is an indication of active engagement in the upstream production
activities of GVCs. These economies can be considered closer to the production
sources, while economies with dominant downstream activities are much closer to the
market. The difference can reﬂect varying innovation capability needs.
Table 7 summarizes the results of equation (1) adjusted to include the interaction
term with innovation indicators and a dummy variable classifying an economy on
whether it is largely upstream (value equals 1) or downstream (value equals 0). Using

12R&D

intensity is deﬁned as the percentage of spending on R&D in a sector’s gross value added.
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Research and Development Intensity by Industry

nec ¼ not elsewhere classiﬁed, R&D ¼ research and development.
Source: Authors’ calculation using data from Organisation for Economic Co-operation and Development. 2017.
Science, Technology and Industry Scoreboard 2017: The Digital Transformation. Paris: OECD Publishing.
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Figure 7.

Value Chain Breadth Scores, 2008 and 2018

PRC ¼ People’s Republic of China.
Note: The dashed line refers to the median value chain breadth scores in the two periods.
Source: Authors’ calculation using data from World Economic Forum. Global Competitiveness Report.
https://www.weforum.org/reports/the-global-competitiveness-report-2017-2018 (accessed March 15, 2020).

the forward-linkage and backward-linkage complex GVC participation indices dataset,
following Wang et al. (2017), an economy is classiﬁed as largely upstream if its
forward-linkage complex GVC participation index is larger than its backward-linkage
complex GVC participation index; otherwise, the economy is largely downstream.
Columns 2 and 4 are the coefﬁcients of the interaction term, which indicate whether
the baseline coefﬁcients (columns 1 and 3) are statistically different depending on the
position to the global production network. For the transition from a low to a medium
level of upgrading, improved innovation is proved essential in both the extent of
participation and the efﬁciency of innovation investments, but the latter seems more
evident in economies with largely downstream activities. Intuitively, upgrading in
more upstream economies relies more on the quantity of local suppliers and,
interestingly, conducting more R&D.
The transition from a medium to a high level of upgrading largely occurred in
upstream activities, and this was achieved by further improvements in the
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sophistication of production processes, as well as the presence of numerous local
suppliers.
C.

Robustness: Alternative Measure of Upgrading

Input–output-based measures of the degree and position of an economy’s
participation in global production networks have been well developed and widely
used, but analyses that could be drawn from this information have some limitations.
Considering that the main players in GVCs are multinational companies, a more
granular approach at the ﬁrm level remains indispensable in this type of research in
lieu of sector- or industry-based analysis. However, as compiling input–output tables
is becoming routine for many international organizations, and the data quality has been
improving, we can expect our theory being better tested in some years. Further, due to
data limitations, careful interpretation of the empirical results is needed. The analysis
covers a limited 10-year time frame observing little variation in the dependent
variable.13 Under the current empirical setup, the estimates might potentially be biased
downward given that a decade might be too short for innovation policies and efforts to
take full effect toward value chain upgrading.
For robustness purposes, we examine the survey-based measure of the economyspeciﬁc index of value chain breadth reported in the World Economic Forum’s Global
Competitiveness Report. This gives some micro perspectives on how economies
participate in value chains. The value chain breadth scores are derived by asking
survey respondents how broad their presence in the value chain is. Scores range from 1
(narrow or primarily involved in individual steps of the value chain, for example,
resource extraction or production) to 7 (broad or present across the entire value chain,
for example, production, marketing, distribution, and design). Figure 7 plots the
economy-level scores in 2008 and 2018 for developing Asian economies and the rest
of the world.
We generate a categorical variable that considers the value chain breadth index of
economies. Three levels of value chain breadth are derived by classifying the
economies with the index in the ﬁrst and second quintile as “low,” the third and fourth
quintile as “medium,” and the ﬁfth quintile as “high.” This variable replaces the level
of upgrading based on the FVA_INT share from ADB MRIO’s GVC statistics.

13Since 2000, only a few Asian economies have transitioned to participate in the higher end of GVC
activities, while most economies at the high end of GVCs upgraded long before the study period. It would
be interesting to empirically test if the speciﬁc historical factors that contributed to their success are
statistically signiﬁcant.

154 ASIAN DEVELOPMENT REVIEW

Table 8 summarizes the coefﬁcients after estimating the adjusted baseline
multinomial logistic regression in equation (1). Intuitively, the results support the
baseline evidence. Broad participation in GVCs, including in the more sophisticated
functions of production and design, is made possible by the ability to improve the
efﬁciency of innovation policies and investments, which is observed in both the global
and developing Asian samples.
Similar to the baseline results, much of the catch-up should be undertaken early
in the transition process and moving higher up GVCs requires more focused
innovation policy agendas. A higher level of upgrading and participation in GVCs
requires improving the quality and sophistication of production processes, as well as
continuous learning from value chains (i.e., by strengthening technology absorption).

VI. Conclusions and Policy Implications
Developing Asia could be getting a lot more out of participating in GVCs if
economies take steps to move into a higher level of upgrading, both individually and
as part of deepening regional cooperation. Over the years, participation in GVCs by
many economies in the region, particularly the PRC and some Southeast Asian
economies, became instrumental for fast-tracking their growth processes. The
comparative advantage of these economies, particularly in labor inputs, made them
desirable destinations for foreign investment by multinational companies. But their
participation is still predominantly at the lower end of the value chain, characterized by
activities involving assembly and production of less sophisticated inputs. The
Philippines, for example, is a globally recognized offshoring center, but its offshoring
services are largely for low value-added functions, such as call centers. India, on the
other hand, has been successful in high value-added business process outsourcing.
Capturing the higher end of the value chain will remain a big challenge for many
economies in developing Asia, even as this paper reveals signiﬁcant improvements in
some developing Asian economies. The PRC is moving up the value chain by
gradually undertaking high-tech manufacturing, although its share of low-tech
manufacturing remains high in comparison with other economies at its income level
and with advanced economies. Much of this shift toward higher value-added activities
can be attributed to the PRC’s strides in technology and innovation. The country’s
development plans have a strong focus on upgrading technological and innovation
capacity. It also spends more on R&D than advanced economies. This is creating
opportunities for other economies in the region, especially those with relatively low
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labor costs, such as Bangladesh and Central Asian countries, to integrate into regional
value chains and move up those chains.
The empirical results suggest that moving up a GVC heavily depends on
economy-speciﬁc endowments that can be strengthened by supportive policies in
infrastructure, institutions, and innovation. Governments should facilitate an enabling
innovation ecosystem by implementing effective innovation policies. The transition
from a low level of upgrading to a medium one necessitates an increase in the scale of
investments in innovation inputs as well as allowing ﬁrms to improve their innovative
capacity. But to get the biggest beneﬁts from being in a GVC and move into the higher
end of the chain, the focus should be on innovation efﬁciency. The design of
innovation policies should focus more on how to produce technology, knowledge, and
creative outputs relative to actual investments in innovation inputs, such as
institutional quality, human capital, and infrastructure.
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evidence regarding the extent and patterns of international fragmentation in
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for all global value chains of ASEAN. Using the Asian Development Bank’s
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stylized facts. The results show declining foreign value-added shares in
ASEAN. Regional economic integration within ASEAN has increased, while
value-added contributions vary widely across its members. We ﬁnd evidence
of increasing value-added contributions from emerging economies to
ASEAN, whereas the contributions from advanced economies have declined.
Keywords: ASEAN, global value chains, production fragmentation, regional
integration
JEL codes: C67, F23, L16, M11

⁄
Sheng Zhong (corresponding author): Energy Studies Institute, National University of Singapore,
Singapore. Email: esizs@nus.edu.sg; Bin Su: Energy Studies Institute, National University of Singapore,
Singapore. Email: subin@nus.edu.sg. We thank the managing editor and the anonymous referees for
helpful comments and suggestions.

This is an Open Access article published by World Scientiﬁc Publishing Company. It is distributed under
the terms of the Creative Commons Attribution 3.0 International (CC BY 3.0) License which permits use,
distribution and reproduction in any medium, provided the original work is properly cited.
Asian Development Review, Vol. 38, No. 2, pp. 159–188
DOI: 10.1142/S0116110521500025

© 2021 Asian Development Bank and
Asian Development Bank Institute.

160 ASIAN DEVELOPMENT REVIEW

I.

Introduction

Factor movements across national borders have been strongly underway for
some decades, involving labor (e.g., migration); capital (e.g., investment and trade);
knowledge (e.g., innovation collaboration, technological transfer, and spillover); raw
materials; and goods. This has led to a globalizing world economy in which upstream
and downstream sectors across economies are closely linked together. Following the
intuitive notion of comparative advantage, one may view production as a fragmented
process with many stages in which each stage is outsourced to a place where it is costeffective to do so (Grossman and Rossi-Hansberg 2008; Johnson 2018). To produce a
certain product, each economy participates and adds value at each stage, while the
extent of involvement, specialization, and gains varies between economies. In recent
years, researchers have studied backshoring—relocating production activities back to
home economies—and the factors that inﬂuence this decision (Stentoft et al. 2016;
Di Mauro et al. 2018). Understanding the way in which production activities take
place is critical to the design of appropriate trade policies, public ﬁnance, industrial
policies, and foreign policies.
In this paper, we seek to provide up-to-date macroeconomic evidence regarding
the extent of international fragmentation, with a special focus on the economies of the
Association of Southeast Asian Nations (ASEAN). The ASEAN region is very diverse
and one of the most dynamic regions in the world. It includes economies at different
stages of development, from Singapore, a successful catching-up economy, to
Indonesia and Malaysia, which are major emerging economies. During the period
2000–2017, ASEAN’s gross domestic product (GDP) increased by 134.6%, with an
average annual growth of 5.1% (World Bank, World Development Indicators).1
However, knowledge about ASEAN in the global economy is less well-understood,
probably due to a lack of data. Therefore, this raises some research questions that are
potentially important. How pervasive is international fragmentation of production in
ASEAN? Do various production stages take place mainly among those in the same
geopolitical bloc such as ASEAN, or do they involve a wider range of economies
outside the region? And how do patterns differ between advanced and emerging
ASEAN economies?
These questions can only be investigated using an input–output framework that
is able to describe complex trade networks between sectors and across economies.
Traditional aggregate trade statistics, on the other hand, would contain substantial

1See

https://databank.worldbank.org/source/world-development-indicators (accessed May 15, 2020).
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double counting by overstating domestic contribution, as products may cross sectoral
and national borders several times (Koopman, Wang, and Wei 2014). Recent advances
in multiregional input–output datasets with longitudinal and global coverage have led
to some inﬂuential academic research and practical applications (see Johnson [2014]
for a survey of these datasets and their applications). Still, ASEAN trade between
sectors and across economies is less well-known in the literature, as most ASEAN
economies are included in the aggregate of the rest of the world. To deal with this issue, we
utilize the most recent global multiregional input–output (MRIO) tables developed by the
Asian Development Bank (ADB) that include nine ASEAN member economies.
Following the approach by Timmer et al. (2014), we analyze the questions posed
earlier from the perspective of global value chains of ﬁnal products, as identiﬁed by the
sector–economy of completion. We trace the value added by each economy that is
needed for the production of ﬁnal goods in each value chain of ASEAN, and we do the
same for ASEAN as a whole. We explicitly distinguish between the domestic and
foreign parts in these value chains, and we use the latter to develop measures of
international fragmentation and economic integration based on Los, Timmer, and de
Vries (2015). We discuss four major trends, characterizing ASEAN as a region with
heterogeneous members in which production localization, enhanced regional
integration, and increasing linkages with other emerging economies outside the
region are taking place.
Throughout this paper, our focus is on documenting some salient patterns that
can guide further research on ASEAN and inform policy makers in this region. We
believe that accounting for value added by source at the ﬁnal stage of production is a
necessary step toward a comprehensive understanding of ASEAN’s development in
the global economy. This paper is structured as follows. Section II provides a brief
literature review. Sections III and IV discuss the data and methodology, respectively.
Section V presents the four major stylized facts. Section VI concludes.

II.

Literature Review

In recent years, inﬂuential literature on international fragmentation of production
has been increasing. This includes some studies on theoretical models or
methodological frameworks addressing various critical aspects in this ﬁeld, such as
(i) explaining the emergence of global supply chains and outsourcing (Costinot and
Rodríguez-Clare 2014; Costinot, Vogel, and Wang 2013; Grossman and Rossi-Hansberg
2008); (ii) characterizing the structures of fragmentation, for example, “snakes” and
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“spiders” (Baldwin and Venables 2013); and (iii) measuring double counting in gross
exports (Koopman, Wang, and Wei 2014).2 There have been more empirical studies on
this topic, for example, on patterns of global supply chains and production fragmentation
(Baldwin and Lopez-Gonzalez 2015, Timmer et al. 2014); patterns of global production
sharing (Johnson and Noguera 2012, 2017); the People’s Republic of China’s (PRC)
domestic value added in exports (Koopman, Wang, and Wei 2012); and fragmentation and
Europe’s competitiveness (Timmer et al. 2013). Further, advances in research have led to
several applications in policy arenas across leading international organizations, such as
ADB (2018), the Organisation for Economic Co-operation and Development’s Trade in
Value Added (TiVA) indicators (OECD 2017), and UNCTAD (2013).
The analysis in this paper draws on the strand of literature focusing on the value
chains of ﬁnal products, as documented extensively by Los, Timmer, and de Vries
(2015); Timmer et al. (2015); and Timmer et al. (2014). This literature refers to the
value-added distribution at the last stage of production before delivery to ﬁnal
consumers. Such a measure is a backward method of tracing value, that is, starting
from the ﬁnal product and tracing the value added back to all production stages. In
particular, Timmer et al. (2014) used this method to derive the foreign value-added
content in 560 manufacturing value chains and decompose the value added into
contributions of capital and labor. Their results conﬁrm the pervasiveness of
international production fragmentation and ﬁnd a specialization pattern between
high-income economies (driven by high-skilled labor) and emerging economies
(driven by capital). Further, Los, Timmer, and de Vries (2015) ﬁnd that value chains in
regions such as the European Union (EU), East Asia, and the North American Free
Trade Agreement (NAFTA) become more globalized as international fragmentation
deepens. However, in these prior studies, most ASEAN economies are included in the
rest of the world, and thus, their value chains cannot be investigated.
Another strand of literature measures value added in exports differently. Koopman,
Wang, and Wei (2012) develop a measure of value added in exports for direct use,
showing that the PRC’s domestic content of value added in manufacturing exports has
risen by about 10% due to World Trade Organization membership. Another value-added

2A snakes structure refers to a series of production stages in which intermediate goods are sent from
one place to another until the ﬁnal stage of production before delivery to ﬁnal consumers, namely,
assembly. There is no feedback loop in snakes. A spiders structure involves multiple suppliers of
intermediate goods that send their intermediate goods to a single location (ﬁnal assembler) for the
production of ﬁnal products. Production processes in reality are mostly a combination of these two types of
structures and may contain feedback loops.
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measure proposed by Johnson and Noguera (2012) traces the portion consumed abroad.
Using this measure, they ﬁnd that the trade imbalance between the PRC and the United
States (US) is probably overestimated. Despite various measures available, Los and
Timmer (2018) show that all three measures of value added in exports—direct use,
consumption, and ﬁnal stage of production—are related and can be derived using the
hypothetical extraction method proposed in Los, Timmer, and de Vries (2016). However,
the direct-use perspective may have the issue of double counting under a situation in
which production networks contain sizable back-and-forth trade (Los and Timmer
2018), whereas the consumption perspective is relevant to consumer preferences. The
ﬁnal-product perspective, on the other hand, can reﬂect the extent to which an economy
has participated in global production, which is associated with industrial capacity and
technological competence. This is highly relevant to development. Hence, analyzing
value chains of ﬁnal products seems more suitable to our research agenda.
Participating in global value chains has important implications for development.
It can improve overall welfare because it unlocks the opportunities for economies to
specialize according to their comparative advantages (Timmer et al. 2014). The
emergence of global value chains has facilitated massive technological change and
structural transformation, which is extensively documented in Alcorta et al. (2021). In
this process, manufacturing serves as the engine of growth, especially for developing
economies (Haraguchi, Cheng, and Smeets 2017; Felipe 2018a). Haraguchi, Cheng,
and Smeets (2017) document development trends in several ASEAN economies with
high manufacturing growth, including Cambodia, the Lao People’s Democratic
Republic (Lao PDR), Myanmar, and Viet Nam over the period 1990–2015. For
developing ASEAN economies, global value chains allow them to produce for more
advanced markets and, more importantly, engage in technological upgrading (e.g.,
from low-tech to high-tech industries) and structural transformation (Felipe 2018b).
This consists of acquiring foreign knowledge, adapting the knowledge to local
circumstances, and accumulation of capacities. Felipe (2018a) investigates the product
complexity of six major ASEAN members over the period 2001–2007 in total exports.
However, few studies have applied the framework of global value chains to ASEAN.
An exception is the study by ADB (2018), which provides value chain-based statistics
from a direct-use perspective (Koopman, Wang, and Wei 2012; 2014). Using the same
data source as ADB (2018), our paper seeks to provide quantitative information
regarding ASEAN’s participation in global value chains from a ﬁnal-product
perspective. Our analysis covers nine ASEAN members (excluding Myanmar) over
the period 2000–2017.
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III.

Data

The data source at our disposal is the MRIO tables for 62 economies developed
by ADB (ADB MRIO database, 2019 release).3 Each economy in the database
contains 35 standardized sectors across primary industry, manufacturing, and services,
which are identical with the World Input–Output Database (WIOD, 2013 release).4
The current ADB MRIO database is available for 2000 and the period 2007–2017. In
particular, nine out of 10 ASEAN members have been included in the current input–
output database, namely Brunei Darussalam, Cambodia, Indonesia, the Lao PDR,
Malaysia, the Philippines, Singapore, Thailand, and Viet Nam. The ADB MRIO tables
have been used in ADB’s ﬂagship publication Key Indicators for Asia and the Paciﬁc
since 2015 (ADB 2018).
There are three other widely used input–output tables, namely the WIOD
(Dietzenbacher et al. 2013), Eora (Lenzen et al. 2013), and Global Trade Analysis
Project (GTAP) (Andrew and Peters 2013). These tables are produced using different
methods and cover different geographical areas and time periods. Global Trade
Analysis Project and WIOD are more consistent with one another than they are with
Eora (Owen et al. 2014). The ADB MRIO database, to some extent, can be viewed as
an extension of the WIOD database with a broader geographical coverage for ASEAN.
This is suitable for the purpose and scope of our analysis.

IV.

Methodology

A.

Measuring Global Value Chains of Final Products

We derive the value added of each economy contributing to a certain value chain
in an input–output framework with 63 economies (62 individual economies and the
rest of the world), each of which has 35 standardized sectors. The method of
measuring value chains used in this paper speciﬁcally focuses on the ﬁnal product,
either physical goods or services, which draws on the study by Timmer et al. (2014).
By doing so, the value chain is identiﬁed by the sector–economy of completion.
We follow the basic input–output equations and matrix notations by Miller
and Blair (1985). The matrix E is the distribution of value added contributing
to each of the 2,205 value chains in the world (63  2,205 matrix) and can be
3See
4See

https://mrio.adbx.online/.
Appendix 1 for detailed lists of sectors and economies in the ADB MRIO database.
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expressed as
E ¼ C^
e Lf^,

ð1Þ

where C is an economy aggregation matrix of 63  2,205 dimension. The row n
and column m headers of C indicate the economy and sectors of each
economy, respectively. The value in row n column m (n ¼ 1, 2, . . . , 63;
m ¼ 1, 2, . . . , 2,205) is

1 if the economy of origin and destination economy are identical;
Cn, m ¼
0 otherwise:
e 0 ¼ [e1 , . . . , e2,205 ], which represents a vector of sectoral value added per unit of
gross output, deﬁned as ei ¼

Vi
Xi

, (i ¼ 1, 2, . . . , 2,205), in which V and X are the vector

of sectoral value added (2,205  1 vector) and the vector of sectoral output (2,205  1
vector), respectively. The matrix e^ is the diagonal matrix of e. L is the Leontief inverse
matrix of 2,205  2,205 dimension, deﬁned as L ¼ (I  A) 1 . I is a 2,205  2,205
identity matrix, and A is the technical coefﬁcient matrix which is calculated as A ¼
Z  (X^ ) 1 . Matrix Z denotes the matrix of intermediate inputs. f 0 ¼ [ f1 , . . . , f2,205 ],
which is the vector of sectoral ﬁnal demand. f^ is the diagonal matrix of f .
The matrix E describes how much an economy contributes to a speciﬁc value
chain. Figure 1 shows a stylized input–output framework with all of the basic
variables. We extract all value chains that belong to ASEAN economies from E,
denoted by the matrix E ASEAN :
E ASEAN ¼ EC ASEAN ¼ C^
e Lf^C ASEAN ,
Figure 1.

A Stylized Input–Output Framework of the ADB MRIO Database

ADB MRIO database ¼ Asian Development Bank Multiregional Input–Output database.
Source: Authors.

ð2Þ
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where C ASEAN is a selection matrix of 2,205  315 dimension that selects all value
chains of ASEAN economies.5 The row header indicates the sectors of each
economy and the column header is the sector of each ASEAN economy. 8i, j,
(i ¼ 1, 2, . . . , 2,205; j ¼ 1, 2, . . . , 315),

¼
C i,ASEAN
j

B.

1 if the sectoreconomy in the row is identical to that in the column;
0 otherwise:

Decomposing Global Value Chains of the Association of
Southeast Asian Nations

To understand the production fragmentation and economic integration in this
region, we decompose each of ASEAN’s global value chains into two components,
namely the value-added contribution from the economy of completion (domestic
value added) and the value-added contribution from all other foreign economies.
The measure used here is based on Timmer et al. (2015) and Timmer et al. (2014).
We apply the decomposition to each of ASEAN’s global value chains, that is,
each column of the matrix E ASEAN . Let VA qij denote the value added of the ith
economy (i ¼ 1, 2, . . . , 63) that contributes to the qth sector of the jth economy in
ASEAN (q ¼ 1, 2, . . . , 35; j ¼ 1, 2, . . . , 9). Then the total value created in the global
value chain identiﬁed by the qth sector of the jth economy can be decomposed into
X
VA qij ¼ DVA qj þ FVA qj ,
ð3Þ
8i
where DVA qj and FVA qj are the domestic and foreign value added of the jth ASEAN
economy’s qth sector, respectively.
Further, following the approach by Los, Timmer, and de Vries (2015), we
decompose the foreign value added of ASEAN’s global value chain, FVA qj , into two
parts, namely the regional value added and the global value added:
FVA qj ¼ FVA Regional qj þ FVA Global qj

ð4Þ

where FVA Regional qj is the regional value added that comes from the other ASEAN
economies except the jth economy; and FVA Global qj is the value added contributed
by the economies outside ASEAN.

5There are nine ASEAN economies in the ADB MRIO, each of which contains 35 sectors (products).
Hence, there are 9  35 ¼ 315 value chains that belong to ASEAN.
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Decomposition of the qth Global Value Chain in ASEAN’s jth Economy

ASEAN ¼ Association of Southeast Asian Nations.
Notes: A product is identiﬁed by the sector of completion. The ADB multiregional input–output database contains
nine ASEAN economies and 54 economies outside ASEAN (including the rest of the world).
Source: Authors.

Using equations (3) and (4), each of ASEAN’s global value chains can be
decomposed into three parts. Figure 2 presents the distribution of value added and the
related decomposition.
Formally, for the qth global value chain in ASEAN’s jth economy, the three
decomposition components can be expressed as follows:
e Lf^C ASEAN  P,
DVA qj ¼ S dom  C^
FVA Regional qj ¼ S reg  C^
e Lf^C ASEAN  P,
FVA Global qj ¼ S glo  C^
e Lf^C ASEAN  P:
We construct four selection vectors:
P is a 315  1 vector that selects the global value chain from the matrix E ASEAN .
The cell’s value is 1 if the cell indicates the qth sector of the jth ASEAN economy, and
the other cells are 0.
S dom , S reg , and S glo are 1  63 vectors that sum up the domestic, regional, and
global value added, respectively, where the column header indicates the economy in
the input–output tables. For the ith cell (i ¼ 1, 2, . . . , 63),

1 if origin economy and destination economy are identical;
dom
Si ¼
0 otherwise:
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S reg
i

¼


S glo
i

¼

1 if origin is from ASEAN economies except the jth ASEAN economy;
0 otherwise:
1 if the ith economy is from outside the ASEAN;
0 otherwise:

Following Los, Timmer, and de Vries (2015), Timmer et al. (2015), and Timmer et al.
(2014), we obtain the following indicators measuring the international fragmentation of
production and regional economic integration of ASEAN’s global value chains:
FVA qj
Fragmentation ¼ P
q
8i VA ij

ð5Þ

FVA Regional qj
Integration ¼
:
FVA Global qj

ð6Þ

and

We use the share of foreign value added to measure the extent of international
fragmentation of production. As shown in Los, Timmer, and de Vries (2015), under a ﬁnal
product framework, it does not matter how the production chain is organized, for example,
snakes or spiders, and the accounting captures foreign value added from all stages. Thus,
the share in equation (5) reﬂects the importance of foreign value added. The economic
integration of ASEAN’s global value chain is measured by the ratio of regional value added
to global value added. A higher (smaller) ratio, as expressed in equation (6), indicates
relatively more (less) regional sourcing, and thus a higher (lower) level of economic
integration.

V.

Results

Using equations (5) and (6) derived in the methodology, we calculate the foreign
value-added share for each value chain of each ASEAN member and further decompose
the foreign value added into regional and global. In addition, viewing ASEAN as a single
economy, we calculate the value-added contributions within ASEAN and from outside
ASEAN. Several crucial stylized facts stand out in our analyses.
A.

Stylized Fact No. 1: Declining International Fragmentation of
Production in the Association of Southeast Asian Nations

The focus of this section is to analyze the trends of production fragmentation in
ASEAN, which, we believe, is complementary to the prior literature by Timmer et al. (2014)
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Foreign Value-Added Shares in ASEAN’s Global Value Chains

ASEAN ¼ Association of Southeast Asian Nations.
Notes: Industry classiﬁcation is based on Table A1.1 in Appendix 1. Density is based on the kernel estimation
(Epanechnikov kernel). The plots in each panel cover all nine ASEAN economies.
Source: Authors’ calculations.

on manufacturing global value chains across 40 major economies. We derive the
foreign value-added share using equation (5) for each value chain in each ASEAN
member.
Figure 3 depicts the distributions of foreign value-added shares by aggregate
industry, namely primary industry, manufacturing, and services (panels A, B, and C,
respectively). A global value chain is identiﬁed by the sector and economy of
completion. Thus, in each year, we have 18 global value chains for two sectors in
primary industry, 126 global value chains for 14 manufacturing sectors, and 171 global
value chains for 19 sectors in services (see Appendix 1 for a full list of industry and
economy classiﬁcations). In each panel of Figure 3, we plot the distributions for 2000,
2007, and 2017.
Panel A of Figure 3 for ASEAN’s global value chains in primary industry shows
that the density curve for 2007 shifted to the right of the curve for 2000, indicating
enhanced international fragmentation of production over the period 2000–2007.
However, the 2017 distribution curve shifted back to the left of the other two curves,
suggesting a declining fragmentation process. In particular, over the entire period
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2000–2017, 10 out of 18 global value chains experienced a decline in foreign valueadded shares.
For manufacturing value chains (panel B of Figure 3), more value chains had
lower foreign value-added shares in 2007, as the curve is distributed to the left of the
2000 curve. For 2017, the curve has a lower peak but a longer tail toward the left side
than the 2007 curve. The unweighted average of foreign value-added shares over
all manufacturing value chains was 34.64% in 2000, and it dropped to 34.24%
in 2007. It further declined to 34.16% in 2017. This means that, overall, ASEAN’s
manufacturing value chains have sourced more local contents, suggesting
development patterns similar to those in the PRC as documented in Koopman,
Wang, and Wei (2012).
Services value chains in ASEAN show similar trends compared to those in
primary industry (panel C of Figure 3). The 2007 curve has a peak distributed to the
right of the 2000 and 2017 curves. The unweighted average of shares declined to
20.63% in 2007 from 21.09% in 2000. The curve for 2017 then shifted to the left of
both curves, with an unweighted average of 20.02%. This provides evidence of
declining foreign value-added shares.
Over the entire period 2000–2017, our analysis shows that the decline in foreign
value-added shares is a common pattern in ASEAN. Such a decline has been stronger
in recent years. We also examine the foreign value shares in each ASEAN member,
summing up all value chains by economy (see Figure A2.1 in Appendix 2). At the
economy level, we ﬁnd declining foreign value-added shares in Indonesia, the Lao
PDR, Malaysia, Singapore, and Thailand.
This indicates that, overall, ASEAN has experienced decreasing international
fragmentation of production, and production localization has been enhanced.
Prior studies by Timmer et al. (2015) and Timmer et al. (2014) show enhanced
production fragmentation, but in their studies, most ASEAN economies (except
Indonesia) are included in the rest of the world. Our ﬁnding provides some
complementary evidence to these prior studies: production (either physical goods or
services) has been shifted from other economies to ASEAN, as the latter has become
an important supplier of products (at the last stage of production) for the world
economy.
B.

Stylized Fact No. 2: Enhanced Economic Integration in the
Association of Southeast Asian Nations

This section focuses on economic integration in ASEAN. For each value chain in
each ASEAN member, we decompose the foreign value added into (i) regional value
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Decomposition of Foreign Value Added in the Association of Southeast Asian
Nation’s Global Value Chains

FVA ¼ foreign value added.
Notes: Industry classiﬁcation is based on Table A1.1 in Appendix 1. Density is based on the kernel estimation
(Epanechnikov kernel). The plots in each panel cover all nine economies of the Association of Southeast Asian
Nations.
Source: Authors’ calculations.

added, that is, the value added from ASEAN economies except the economy of
completion; and (2) global value added, that is, the value added from outside ASEAN.
Then we calculate the ratio of regional value added to global value added. To
understand the trends in economic integration, we plot the distributions for 2000,
2007, and 2017. Figure 4 presents the results.
Panel A of Figure 4 shows the density distribution of regional value-added
shares. The curve for 2007 has a higher peak but a smaller standard deviation than the
curve for 2000, whereas the 2017 curve has moved to the right. On the other hand, the
distribution curve of global value-added shares, as presented in panel B of Figure 4,
shifted to the left in 2017, indicating decreasing contributions of value added from
outside ASEAN.
Panel C of Figure 4 depicts the distribution of economic integration based on
equation (6). This indicator captures the combined effect of the dynamics of regional
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value added and global value added. The trend is evident. The distribution curve
shows a trend of shifting to the right. The unweighted average ratio remained almost
unchanged between 2000 and 2007 (about 0.17), and then grew to 0.19 in 2017. This
suggests that economic integration in ASEAN has been enhanced over the entire
period 2000–2017.
Further, we investigate the average level of economic integration by aggregate
industry by year. To do so, we calculate the unweighted average of the integration ratio
of regional to global value added across all value chains in ASEAN. The results are
presented in panel D of Figure 4. The three aggregate industries exhibit similar trends.
In most years, manufacturing has the highest level of economic integration, while
services has the lowest. Overall, the average ratio of regional to global value added
experienced a decline until 2012, but the ratio started to increase afterward. Between
2000 and 2017, this ratio increased from 0.18 to 0.2 for primary industry (an increase
of about 12%), from 0.188 to 0.191 for manufacturing (about 1.6%), and from 0.15 to
0.18 for services (about 19.1%). This means that the recent economic integration in
ASEAN has mainly been driven by the integration in services and primary industry.
Our ﬁnding in this section goes beyond the prior study by Los, Timmer, and de Vries
(2015), which claims a tendency of decreasing ratio of regional to global value added
for 34 economies-of-completion in the EU, East Asia, and NAFTA over the period
1995–2011.
C.

Stylized Fact No. 3: Uneven Value-Added Contributions within the
Association of Southeast Asian Nations

In this section, the analysis looks into the evidence when viewing ASEAN as a
single economy. We then derive the value-added contributions of each individual
economy to the entire ASEAN economy and to ASEAN’s aggregate manufacturing
industry. Table 1 presents the distribution of value-added contributions in 2000, 2007,
and 2017 (see Table A2.2 in Appendix 2 for the full list).
The results for the entire ASEAN economy (“all sectors”) and those for
manufacturing show similar trends, which are consistent with the results at the valuechain level in stylized fact no. 1. Indeed, the international fragmentation of production
has been decreasing in ASEAN, indicating more localized production. For the entire
ASEAN, the domestic share, that is, value-added contribution from within ASEAN,
accounted for 77.44% in 2000, increased to 79.64% in 2007, and further increased to
82.04% in 2017. For ASEAN manufacturing chains, the domestic share rose from
68.37% in 2000 to 73.1% in 2017. The domestic shares for all sectors are higher than
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Distribution of Value-Added Contributions to ASEAN (%)
All Sectors

Ratio of DVA to FVA
Domestic value added (DVA), of which
Brunei Darussalam
Indonesia
Cambodia
Lao People’s Democratic Republic
Malaysia
Philippines
Singapore
Thailand
Viet Nam
Foreign value added (FVA), of which
European Union
East Asia
NAFTA
Others

Manufacturing

2000

2007

2017

2000

2007

2017

3.43

3.91

4.57

2.16

2.36

2.72

77.44
0.62
24.16
0.54
0.23
8.97
13.56
9.66
15.69
4.01
22.56
3.61
7.54
4.32
7.08

79.64
0.56
30.51
0.57
0.28
9.83
9.72
7.83
15.81
4.53
20.36
3.21
6.16
2.83
8.16

82.04
0.29
35.99
0.67
0.44
8.70
10.34
6.75
12.97
5.89
17.96
2.34
6.35
1.95
7.32

68.37
0.36
23.62
0.35
0.11
8.57
12.17
6.66
13.66
2.87
31.63
4.93
11.46
6.35
8.90

70.28
0.22
24.45
0.42
0.13
10.70
9.00
5.50
15.19
4.67
29.72
4.57
9.75
4.09
11.30

73.10
0.10
28.98
0.56
0.20
8.75
9.41
5.14
12.09
7.89
26.90
3.38
10.59
3.06
9.87

ASEAN = Association of Southeast Asian Nations, NAFTA ¼ North American Free Trade Agreement.
Notes: In “All sectors,” ASEAN is viewed as a single economy by summing up all ASEAN value chains,
while “Manufacturing” calculations are based on value-added contributions to ASEAN’s manufacturing
sectors only. As ASEAN is regarded as a single economy, each ASEAN member is considered a domestic
region. Thus, “Domestic value added” in this table refers to the value-added contributions from ASEAN
members. “Foreign value added” represents those from outside ASEAN. A detailed table of value-added
contributions to ASEAN-9 is available in Table A2.2 of Appendix 2.

those for manufacturing, as manufacturing products are more internationally tradable.
ASEAN members’ shares of value-added contributions from a global value chain
perspective (Table 1) are correlated with their shares of total GDP (Table A2.1), and
the magnitudes of these shares vary across members.
Possible explanations for the rise in value-added contributions from within
ASEAN include the shift of production from advanced economies to ASEAN,
enhanced local industrial capabilities, and local availability of required intermediates
and services. However, the value-added contributions across ASEAN members are
distributed unevenly. The largest contributor is Indonesia, followed by Thailand and
the Philippines. The contributions from the other members are mostly less than 10%.
In addition, ASEAN economies show different patterns across years. Production
localization is driven by Indonesia, whose domestic value-added contribution to
ASEAN rose by 11.83 percentage points for all sectors in 2000–2017 and 5.36
percentage points for manufacturing. This is because Indonesia experienced the
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deepest recession among all ASEAN economies during the 1997 Asian ﬁnancial crisis,
and it experienced fast growth in services after 2000 (World Bank, World
Development Indicators). The shares from Viet Nam and less developed members
such as Cambodia and the Lao PDR also increased between 2000 and 2017, probably
due to high growth in manufacturing (Haraguchi, Cheng, and Smeets 2017). The other
ASEAN members generally experienced a decline in value-added shares. This is
probably due to the heterogeneity in economic structures, policies, and industrial and
absorptive capacities.
Correspondingly, foreign contribution continued to decrease from 22.56% in
2000 to 17.96% in 2017 for all sectors, and from 31.63% in 2000 to 26.9% for
manufacturing. We ﬁnd declining value-added shares in all major economy
aggregates, namely the EU, East Asia, and NAFTA.
D.

Stylized Fact No. 4: Enhanced Value-Added Contributions from
Emerging Economies and Declining Value-Added Contributions from
Advanced Economies

As shown in Table 1, the overall value-added contributions from outside
ASEAN have decreased over time, particularly from the EU, East Asia, and NAFTA.
The analysis in this section looks at each individual economy outside ASEAN and
explores whether there is a distributional difference across these economies. The
ﬁnding conﬁrms the heterogeneity between advanced economies and emerging
economies in terms of their value-added contributions to ASEAN.
Figure 5 compares ASEAN’s foreign value-added shares in 2000 and 2017 by
plotting the value-added contributions from each individual economy outside ASEAN
(in log points) together with a 45-degree line. It is evident that the economies that are
distributed above the 45-degree line are mostly emerging economies, and most
advanced economies are below the 45-degree line. This indicates an increase (a
decline) in value-added contributions to ASEAN from emerging (advanced)
economies between 2000 and 2017. There are some exceptions. For example,
emerging economies such as Mexico, Fiji, and Nepal contributed less to ASEAN,
while contributions from advanced economies such as the Czech Republic and
Slovakia increased slightly during this period. In particular, in 2000, the foreign
economy with the highest value-added contribution to ASEAN was Japan (4.46%),
followed by the US (3.92%) and the PRC (1.1%). In 2017, the PRC overtook Japan
and the US and became the most important foreign contributing economy in terms of
value added (PRC: 3.06%, Japan: 1.69%, and the US: 1.73%).
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Foreign Value-Added Contributions to the Association of Southeast Asian
Nations by Type of Economy, 2000 and 2017

Notes: Classiﬁcations of advanced and emerging and developing economies are in accordance with the IMF
World Economic Outlook (October 2020 release). ROW (rest of the world) is excluded in this ﬁgure. Full results
by economy for 2000 and 2017 are listed in Table A2.2 of Appendix 2. See Table A1.2 in Appendix 1 for
deﬁnitions of economy codes.
Source: Authors’ calculations.

Further, we are interested in whether such a distributional difference across
economies is mainly driven by some speciﬁc industries or a pervasive pattern across
industries. To do so, we derive the value-added contributions to ASEAN by economy
and by aggregate industry. Figure 6 presents these results. All ﬁve aggregate industries
show a very similar pattern, namely an increase (decrease) in value-added
contributions from emerging (advanced) economies. This ﬁnding is consistent with
the results in Figure 5, suggesting that such an empirical pattern is pervasive and
robust. This is probably due to the economic development and enhanced industrial
capabilities of those emerging economies (e.g., the PRC), leading to more economic
linkages through trade (Felipe 2018b). In addition, as the value-added contributions
from advanced economies declined faster than the growth of contributions from
emerging economies, the total foreign contribution to ASEAN declined during this
period. This may provide some evidence on backshoring of advanced economies in
ASEAN. Overall, the results suggest that there has been a shift toward other emerging
economies in supply chains that belong to ASEAN.

176 ASIAN DEVELOPMENT REVIEW
Figure 6.

Foreign Value-Added Contributions to the Association of Southeast Asian Nations
by Type of Industry, 2000 and 2017

Notes: The triangles in each panel indicate advanced economies, and the plus signs represent emerging and
developing economies. The diagonal line in each panel represents a 45-degree line. Economy classiﬁcations are
based on the IMF World Economic Outlook (October 2020 release). Industry and economy classiﬁcations are
listed in Appendix 1. (5) ROW (rest of the world) is excluded in all panels of this ﬁgure. See Table A1.2
in Appendix 1 for deﬁnitions of economy codes.
Source: Authors’ calculations.

VI.

Concluding Remarks

This paper has examined the global value chains of ASEAN. The recent
development of the ADB MRIO database has enabled us to have a more
comprehensive understanding of ASEAN in the global economy, which is less wellknown in the literature. The analysis has focused on each value chain of a ﬁnal product
that belongs to ASEAN economies (as identiﬁed by the sector-economy of
completion), as well as the entire ASEAN economy. We employed the share of
foreign value added in the value chain to measure the extent of international
fragmentation of production, following Timmer et al. (2014). Further, we decomposed
the foreign value added in each value chain into a regional part (from within ASEAN)
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and a global part (from outside ASEAN) based on Los, Timmer, and de Vries (2015).
The ratio of these two parts was used to measure the extent of economic integration.
Four stylized facts stand out. First, we ﬁnd that ASEAN members’ foreign valueadded shares have declined, indicating increased localization of production. Second, the
portion of foreign value added from within the ASEAN region has increased, suggesting
enhanced integration in ASEAN. Third, even as economies within ASEAN have
become more integrated in terms of regional sourcing, members’ value-added
contributions to ASEAN have varied widely across its members. Fourth, we ﬁnd
evidence of increasing value-added contributions from emerging economies to ASEAN,
whereas the contributions from advanced economies have declined. Our ﬁndings ﬁt a
broader story of the development of ASEAN in a globalizing world, characterizing
ASEAN as a key participant in global value chains. As local technological capacities
and competencies have been gradually built and improved, production in ASEAN
economies has become more localized by sourcing locally within its own economies and
within ASEAN. The supply chains of ASEAN economies have gradually shifted toward
other emerging economies outside ASEAN region. This is probably due to backshoring
in advanced economies and improved capacities in other emerging economies.
We have documented a series of stylized facts in this paper that can serve as a
starting point for further research. Our research questions are answered afﬁrmatively
based on empirical evidence. We are able to trace the source of value added in a way
that is meaningful and relevant to development and globalization. In particular, we
have shown that the perspective of ﬁnal products seems useful, which is what Los and
Timmer (2018) and Timmer et al. (2014) have argued. Nonetheless, more research on
theoretical frameworks and more case studies are needed. In addition, the method used
in this paper can be applied (probably with some revision) to a wider range of
environmental, social, and economic indicators—not just value added—such as
energy use, emissions, labor (e.g., total, high-skilled, and low-skilled labor), and
capital stock. These new applications could be very useful and inﬂuential, leading to
more comprehensive interpretations in related policy areas.
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Appendix 1. Sectors and Economies in the ADB Multiregional
Input–Output Database
Table A1.1.

Sector Classiﬁcations in the ADB Multiregional Input–Output (MRIO) Database

Sector
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35

Industry
Primary industry
Manufacturing

Services

Low tech
Low tech
Low tech
Low tech
Low tech
Low and medium tech
Medium and high tech
Low and medium tech
Low and medium tech
Low and medium tech
Medium and high tech
Medium and high tech
Medium and high tech
Low tech

Description
Agriculture, hunting, forestry, and ﬁshing
Mining and quarrying
Food, beverages, and tobacco
Textiles and textile products
Leather, leather products, and footwear
Wood and products of wood and cork
Pulp, paper, paper products, printing, and publishing
Coke, reﬁned petroleum, and nuclear fuel
Chemicals and chemical products
Rubber and plastics
Other nonmetallic mineral
Basic metals and fabricated metal
Machinery, nec
Electrical and optical equipment
Transport equipment
Manufacturing, nec; recycling
Electricity, gas, and water supply
Construction
Sale, maintenance, and repair of motor vehicles and
motorcycles; retail sale of fuel
Wholesale trade and commission trade, except of motor
vehicles and motorcycles
Retail trade, except of motor vehicles and motorcycles;
repair of household goods
Hotels and restaurants
Inland transport
Water transport
Air transport
Other supporting and auxiliary transport activities;
activities of travel agencies
Post and telecommunications
Financial intermediation
Real estate activities
Renting of machinery and equipment; other business activities
Public administration and defense; compulsory social security
Education
Health and social work
Other community, social, and personal services
Private households with employed persons

ADB ¼ Asian Development Bank, nec ¼ not elsewhere classiﬁed.
Source: ADB MRIO database (2019 release).
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Table A1.2. Economies in the ADB Multiregional Input–Output (MRIO) Database
Advanced Economies
ADB MRIO Code
AUS
AUT
BEL
CAN
CYP
CZE
DEN
EST
FIN
FRA
GER
GRC
HKG
IRE
ITA
JPN
KOR
LTU
LUX
LVA
MLT
NET
NOR
POR
SIN
SPA
SVK
SVN
SWE
SWI
TAP
UKG
USA

Economy
Australia
Austria
Belgium
Canada
Cyprus
Czech Republic
Denmark
Estonia
Finland
France
Germany
Greece
Hong Kong, China
Ireland
Italy
Japan
Republic of Korea
Lithuania
Luxembourg
Latvia
Malta
Netherlands
Norway
Portugal
Singapore
Spain
Slovak Republic
Slovenia
Sweden
Switzerland
Taipei,China
United Kingdom
United States

Emerging and Developing Economies
ADB MRIO Code
BAN
BGR
BHU
BRA
BRU
CAM
FIJ
HRV
HUN
IND
INO
KAZ
KGZ
LAO
MAL
MEX
MLD
MON
NEP
PAK
PHI
POL
PRC
ROM
RUS
SRI
THA
TUR
VIE
ROW

Economy
Bangladesh
Bulgaria
Bhutan
Brazil
Brunei Darussalam
Cambodia
Fiji
Croatia
Hungary
India
Indonesia
Kazakhstan
Kyrgyz Republic
Lao People’s Democratic Republic
Malaysia
Mexico
Maldives
Mongolia
Nepal
Pakistan
Philippines
Poland
People’s Republic of China
Romania
Russian Federation
Sri Lanka
Thailand
Turkey
Viet Nam
Rest of the world

ADB ¼ Asian Development Bank.
Note: Classiﬁcations of advanced and emerging and developing economies are in accordance with the IMF
World Economic Outlook (October 2020 release).
Source: ADB MRIO database (2019 release).
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Appendix 2. Empirical Results

Figure A2.1.

Foreign Value-Added Shares in each Association of Southeast Asian
Nations Economy

Note: See Table A1.2 for deﬁnitions of country codes.
Source: Authors’ calculations.

Table A2.1.

BRU
CAM
INO
LAO
MAL
PHI
SIN
THA
VIE
Total

Shares of Gross Domestic Product in the Association of Southeast Asian Nations (%)

2000

2007

2008

2009

2010

2011

2012

2013

2014

2015

2016

2017

1.10
0.58
29.72
0.26
14.24
15.37
14.94
18.79
5.01
100

0.94
0.61
34.99
0.30
15.01
11.48
12.86
18.54
5.28
100

0.95
0.64
35.72
0.33
15.44
11.10
12.08
17.83
5.91
100

0.72
0.65
37.83
0.37
13.67
11.28
12.25
16.89
6.33
100

0.76
0.56
39.80
0.34
13.67
10.80
12.08
16.44
5.55
100

0.87
0.56
40.63
0.38
13.69
10.40
12.07
15.78
5.61
100

0.84
0.57
39.19
0.41
13.57
10.91
11.94
16.41
6.17
100

0.78
0.60
37.77
0.48
13.49
11.47
12.09
16.77
6.54
100

0.73
0.65
36.51
0.51
14.05
11.96
12.37
16.17
7.04
100

0.55
0.70
39.05
0.53
12.14
12.15
11.89
15.73
7.27
100

0.46
0.73
40.01
0.55
11.54
12.03
11.47
15.88
7.34
100

0.45
0.74
40.52
0.55
11.19
11.54
11.16
16.37
7.47
100

Notes: Calculations in this table are based on the Asian Development Bank Multiregional Input–Output
database (ADB MRIO). Myanmar is not included in the calculation. See Table A1.2 for deﬁnitions of
economy codes.
Source: Authors’ calculations.

79.64
0.56
0.57
30.51
0.28
9.83
9.72
7.83
15.81
4.53
20.36
3.21
0.07
0.12
0.01
0.00
0.03
0.07
0.01
0.07
0.33
0.77
0.05
0.01
0.02
0.09
0.25

0.62
0.54
24.16
0.23
8.97
13.56
9.66
15.69
4.01
22.56
3.61
0.07
0.14
0.01
0.00
0.02
0.08
0.01
0.08
0.42
0.84
0.04
0.01
0.02
0.08
0.28

2007

77.44

2000

3.26
0.07
0.12
0.01
0.00
0.03
0.07
0.01
0.09
0.34
0.77
0.05
0.01
0.02
0.09
0.25

0.52
0.59
30.40
0.29
10.19
9.56
7.57
14.98
4.98
20.91

79.09

2008

2.71
0.06
0.10
0.01
0.00
0.02
0.05
0.01
0.07
0.30
0.65
0.05
0.01
0.02
0.07
0.21

0.37
0.60
33.40
0.34
9.94
10.17
7.41
14.27
5.42
18.09

81.91

2009

2.70
0.06
0.10
0.01
0.00
0.03
0.07
0.01
0.07
0.29
0.65
0.05
0.01
0.02
0.07
0.19

0.37
0.52
34.50
0.30
9.89
9.61
7.28
13.74
4.73
19.05

80.95

2010

(a) All sectors

2.58
0.06
0.10
0.01
0.00
0.03
0.06
0.01
0.05
0.30
0.61
0.04
0.01
0.02
0.07
0.20

0.42
0.53
34.83
0.33
10.26
9.50
7.06
13.05
4.70
19.31

80.69

2011

2.49
0.06
0.09
0.01
0.00
0.03
0.05
0.01
0.05
0.28
0.60
0.03
0.01
0.02
0.06
0.20

0.43
0.52
33.72
0.36
10.33
9.75
7.21
13.26
4.95
19.46

80.54

2012

2.58
0.06
0.10
0.01
0.00
0.03
0.06
0.01
0.05
0.28
0.62
0.03
0.01
0.02
0.06
0.20

0.43
0.54
32.67
0.42
10.44
10.30
7.28
13.45
5.20
19.27

80.73

2013

2.55
0.06
0.09
0.01
0.00
0.03
0.06
0.01
0.05
0.28
0.62
0.04
0.01
0.02
0.05
0.20

0.38
0.58
31.73
0.43
10.94
10.77
7.55
12.95
5.58
19.08

80.92

2014

2.31
0.05
0.09
0.01
0.00
0.03
0.05
0.01
0.04
0.25
0.55
0.03
0.01
0.02
0.07
0.18

0.34
0.62
34.49
0.43
9.55
10.95
7.23
12.53
5.72
18.14

81.86

2015

2.34
0.05
0.09
0.01
0.00
0.03
0.05
0.01
0.05
0.24
0.57
0.03
0.01
0.02
0.08
0.18

0.29
0.67
35.99
0.44
8.70
10.34
6.75
12.97
5.89
17.96

82.04

2017

IN

Continued.

2.13
0.05
0.08
0.01
0.00
0.02
0.04
0.01
0.04
0.22
0.52
0.03
0.01
0.02
0.06
0.17

0.31
0.66
36.19
0.45
9.35
11.00
7.02
12.95
5.84
16.23

83.77

2016

Full Results of Value-Added Contributions to the Association of the Southeast Asian Nations (%)

Domestic value added
(from ASEAN-9), of which
BRU
CAM
INO
LAO
MAL
PHI
SIN
THA
VIE
Foreign value added
(from outside ASEAN-9), of which
European Union
AUT
BEL
BGR
CYP
CZE
DEN
EST
FIN
FRA
GER
GRC
HRV
HUN
IRE
ITA

Table A2.2.
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LTU
LUX
LVA
MLT
NET
POL
POR
ROM
SPA
SVK
SVN
SWE
UKG
East Asia
HKG
JPN
KOR
PRC
TAP
NAFTA
CAN
MEX
USA
Others
AUS
BAN
BHU
BRA
FIJ
0.01
0.02
0.01
0.01
0.29
0.04
0.02
0.01
0.14
0.01
0.01
0.16
0.79
7.54
0.26
4.46
0.95
1.10
0.77
4.32
0.27
0.13
3.92
7.08
0.85
0.01
0.00
0.15
0.00

2000
0.01
0.02
0.01
0.00
0.25
0.04
0.03
0.02
0.13
0.01
0.01
0.14
0.64
6.16
0.17
2.46
0.86
2.13
0.53
2.83
0.24
0.09
2.50
8.16
0.76
0.01
0.00
0.27
0.00

2007
0.01
0.02
0.02
0.00
0.28
0.05
0.03
0.02
0.13
0.01
0.01
0.14
0.59
6.34
0.23
2.50
0.79
2.34
0.48
2.80
0.25
0.08
2.47
8.51
0.78
0.01
0.00
0.30
0.00

2008
0.01
0.02
0.01
0.00
0.22
0.04
0.02
0.02
0.11
0.01
0.01
0.11
0.48
5.86
0.14
2.18
0.77
2.29
0.48
2.33
0.19
0.06
2.07
7.20
0.68
0.02
0.00
0.27
0.00

2009
0.01
0.02
0.01
0.00
0.23
0.04
0.02
0.02
0.11
0.01
0.01
0.11
0.46
6.36
0.16
2.38
0.87
2.46
0.50
2.41
0.22
0.07
2.12
7.58
0.78
0.01
0.00
0.32
0.00

2010

(a) All sectors

Table A2.2. Continued.

0.01
0.02
0.01
0.00
0.23
0.04
0.02
0.02
0.11
0.01
0.01
0.11
0.44
6.07
0.13
2.04
0.83
2.59
0.47
2.31
0.22
0.08
2.02
8.34
0.85
0.01
0.00
0.34
0.00

2011
0.01
0.02
0.01
0.00
0.21
0.05
0.02
0.02
0.11
0.01
0.01
0.10
0.43
6.24
0.11
2.01
0.87
2.78
0.47
2.22
0.21
0.07
1.94
8.50
0.78
0.01
0.00
0.33
0.00

2012
0.01
0.02
0.01
0.00
0.23
0.05
0.03
0.02
0.11
0.01
0.01
0.10
0.46
6.25
0.11
1.79
0.92
2.97
0.46
2.19
0.21
0.08
1.90
8.24
0.74
0.01
0.00
0.33
0.00

2013
0.01
0.02
0.01
0.00
0.23
0.05
0.03
0.02
0.12
0.01
0.01
0.10
0.44
6.47
0.11
1.65
0.98
3.23
0.50
2.18
0.20
0.08
1.90
7.88
0.68
0.01
0.00
0.33
0.00

2014
0.01
0.01
0.01
0.00
0.20
0.04
0.02
0.02
0.11
0.01
0.01
0.09
0.40
6.52
0.11
1.63
0.98
3.27
0.53
2.10
0.18
0.07
1.86
7.21
0.59
0.01
0.00
0.26
0.00

2015
0.01
0.02
0.01
0.00
0.21
0.05
0.02
0.02
0.12
0.01
0.01
0.09
0.38
6.35
0.12
1.69
0.96
3.06
0.53
1.95
0.17
0.06
1.73
7.32
0.65
0.01
0.00
0.24
0.00

2017

Continued.

0.01
0.01
0.01
0.00
0.19
0.04
0.02
0.02
0.10
0.01
0.01
0.08
0.35
5.86
0.09
1.56
0.91
2.82
0.49
1.87
0.16
0.05
1.66
6.37
0.58
0.01
0.00
0.21
0.00

2016
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Domestic value added
(from ASEAN-9), of which
BRU
CAM
INO
LAO
MAL
PHI
SIN

IND
KAZ
KGZ
MLD
MON
NEP
NOR
PAK
RUS
SRI
SWI
TUR
ROW

70.28
0.22
0.42
24.45
0.13
10.70
9.00
5.50

0.36
0.35
23.62
0.11
8.57
12.17
6.66

2007

2000
68.37

0.47
0.03
0.00
0.00
0.00
0.00
0.10
0.03
0.39
0.01
0.20
0.09
5.80

2007

0.25
0.03
0.00
0.00
0.00
0.00
0.12
0.04
0.32
0.01
0.23
0.08
4.99

2000
0.37
0.03
0.00
0.00
0.00
0.00
0.08
0.04
0.35
0.01
0.19
0.10
5.04

2009
0.46
0.04
0.00
0.00
0.00
0.00
0.10
0.03
0.44
0.01
0.22
0.09
5.09

2010

0.09
0.37
27.48
0.26
10.19
9.62
3.97

73.83

2009

0.13
0.33
27.47
0.16
10.47
9.62
4.64

72.59

2010

0.18
0.37
28.24
0.17
10.97
9.29
4.41

71.54

2011

0.47
0.05
0.00
0.00
0.00
0.00
0.10
0.04
0.45
0.01
0.28
0.09
5.64

2011

0.18
0.36
27.14
0.19
10.70
8.88
4.80

71.43

2012

0.45
0.04
0.00
0.00
0.00
0.00
0.10
0.03
0.51
0.01
0.22
0.09
5.93

2012

0.17
0.41
26.20
0.18
10.75
9.73
4.30

71.96

2013

0.46
0.04
0.00
0.00
0.00
0.00
0.12
0.03
0.57
0.01
0.20
0.10
5.62

2013

0.16
0.45
24.84
0.19
11.12
10.25
4.92

72.17

2014

0.44
0.04
0.00
0.00
0.00
0.00
0.12
0.03
0.52
0.01
0.19
0.10
5.40

2014

0.10
0.50
27.66
0.20
9.72
10.23
5.01

73.65

2015

0.42
0.02
0.00
0.00
0.00
0.00
0.11
0.03
0.35
0.01
0.18
0.09
5.14

2015

0.10
0.56
28.98
0.20
8.75
9.41
5.14

73.10

2017

0.43
0.02
0.00
0.00
0.00
0.00
0.08
0.03
0.35
0.01
0.17
0.09
5.23

2017

Continued.

0.07
0.54
29.16
0.21
9.85
10.37
4.98

75.31

2016

0.41
0.02
0.00
0.00
0.00
0.00
0.09
0.03
0.27
0.01
0.16
0.08
4.49

2016

IN

0.28
0.38
24.49
0.14
10.69
8.76
4.36

69.82

2008

(b) Manufacturing

0.50
0.05
0.00
0.00
0.00
0.00
0.11
0.02
0.48
0.01
0.26
0.12
5.85

2008

(a) All sectors

Table A2.2. Continued.
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THA
VIE
Foreign value added
(from outside ASEAN-9), of which
European Union
AUT
BEL
BGR
CYP
CZE
DEN
EST
FIN
FRA
GER
GRC
HRV
HUN
IRE
ITA
LTU
LUX
LVA
MLT
NET
POL
POR
15.19
4.67
29.72
4.57
0.10
0.17
0.02
0.01
0.04
0.09
0.02
0.10
0.48
1.17
0.08
0.01
0.03
0.12
0.38
0.02
0.02
0.02
0.01
0.34
0.06
0.05

4.93
0.10
0.18
0.01
0.01
0.03
0.09
0.01
0.11
0.60
1.18
0.05
0.01
0.02
0.13
0.40
0.01
0.02
0.02
0.01
0.36
0.06
0.03

2007

13.66
2.87
31.63

2000

4.53
0.11
0.17
0.02
0.01
0.04
0.10
0.02
0.11
0.50
1.15
0.07
0.01
0.03
0.12
0.37
0.02
0.02
0.02
0.01
0.35
0.07
0.04

14.45
6.25
30.18

2008

3.71
0.09
0.14
0.01
0.01
0.03
0.07
0.01
0.09
0.44
0.95
0.06
0.01
0.02
0.09
0.30
0.02
0.02
0.02
0.01
0.28
0.05
0.03

15.10
6.76
26.17

2009

3.69
0.09
0.14
0.01
0.01
0.04
0.08
0.01
0.09
0.42
0.96
0.06
0.01
0.03
0.09
0.28
0.02
0.02
0.01
0.00
0.28
0.06
0.03

14.31
5.46
27.41

2010

(b) Manufacturing

Table A2.2. Continued.

3.57
0.10
0.14
0.01
0.01
0.04
0.07
0.01
0.07
0.43
0.90
0.05
0.01
0.03
0.09
0.29
0.02
0.02
0.01
0.00
0.27
0.07
0.03

12.13
5.79
28.46

2011

3.53
0.09
0.13
0.01
0.01
0.04
0.07
0.01
0.07
0.42
0.90
0.05
0.01
0.03
0.08
0.29
0.02
0.02
0.01
0.00
0.26
0.07
0.03

13.12
6.05
28.57

2012

3.57
0.09
0.13
0.01
0.01
0.04
0.07
0.01
0.06
0.41
0.90
0.05
0.01
0.03
0.08
0.29
0.02
0.02
0.01
0.00
0.29
0.07
0.03

13.79
6.44
28.04

2013

3.59
0.09
0.13
0.01
0.01
0.04
0.07
0.01
0.07
0.41
0.93
0.05
0.01
0.03
0.07
0.30
0.02
0.02
0.01
0.01
0.29
0.07
0.03

13.37
6.87
27.83

2014

3.24
0.08
0.12
0.01
0.00
0.04
0.06
0.01
0.06
0.36
0.84
0.04
0.01
0.03
0.09
0.27
0.01
0.02
0.01
0.00
0.26
0.06
0.03

12.90
7.34
26.35

2015

3.38
0.08
0.12
0.01
0.00
0.04
0.06
0.01
0.06
0.37
0.88
0.04
0.01
0.03
0.10
0.27
0.02
0.02
0.01
0.01
0.28
0.07
0.03

12.09
7.89
26.90

2017

Continued.

3.12
0.08
0.12
0.01
0.00
0.04
0.05
0.01
0.06
0.34
0.83
0.03
0.01
0.03
0.09
0.26
0.01
0.02
0.01
0.00
0.26
0.06
0.03

12.32
7.82
24.69

2016
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ROM
SPA
SVK
SVN
SWE
UKG
East Asia
HKG
JPN
KOR
PRC
TAP
NAFTA
CAN
MEX
USA
Others
AUS
BAN
BHU
BRA
FIJ
IND
KAZ
KGZ
0.02
0.18
0.01
0.01
0.23
1.06
11.46
0.29
6.77
1.55
1.62
1.24
6.35
0.37
0.16
5.81
8.90
1.17
0.02
0.00
0.19
0.00
0.35
0.03
0.00

2000
0.03
0.18
0.02
0.02
0.19
0.82
9.75
0.20
3.89
1.42
3.34
0.90
4.09
0.36
0.12
3.61
11.30
1.08
0.01
0.00
0.39
0.00
0.68
0.05
0.00

2007
0.03
0.18
0.02
0.02
0.18
0.73
9.91
0.27
3.90
1.32
3.64
0.79
4.09
0.38
0.12
3.59
11.65
1.13
0.02
0.00
0.43
0.00
0.71
0.07
0.00

2008
0.03
0.15
0.02
0.01
0.14
0.59
9.09
0.15
3.37
1.24
3.54
0.78
3.39
0.28
0.09
3.01
9.97
0.99
0.03
0.00
0.39
0.00
0.53
0.04
0.00

2009
0.03
0.15
0.01
0.01
0.15
0.59
9.80
0.18
3.64
1.41
3.73
0.83
3.54
0.32
0.10
3.12
10.39
1.15
0.01
0.00
0.46
0.00
0.66
0.05
0.00

2010

(b) Manufacturing

Table A2.2. Continued.

0.03
0.15
0.01
0.01
0.14
0.57
9.79
0.15
3.27
1.42
4.12
0.84
3.51
0.32
0.12
3.07
11.57
1.28
0.02
0.00
0.50
0.00
0.72
0.06
0.00

2011
0.03
0.15
0.01
0.01
0.14
0.57
9.92
0.12
3.17
1.48
4.35
0.80
3.38
0.31
0.12
2.96
11.74
1.16
0.02
0.00
0.50
0.00
0.68
0.06
0.00

2012
0.03
0.15
0.01
0.01
0.14
0.60
9.95
0.12
2.80
1.58
4.65
0.80
3.29
0.31
0.12
2.86
11.23
1.15
0.02
0.00
0.53
0.00
0.69
0.05
0.00

2013
0.04
0.16
0.01
0.01
0.13
0.58
10.37
0.11
2.57
1.68
5.10
0.89
3.33
0.30
0.11
2.92
10.54
1.07
0.02
0.00
0.53
0.00
0.66
0.05
0.00

2014
0.03
0.14
0.01
0.01
0.12
0.52
10.50
0.11
2.54
1.69
5.20
0.95
3.21
0.26
0.10
2.85
9.41
0.93
0.02
0.00
0.42
0.00
0.64
0.03
0.00

2015

0.04
0.17
0.01
0.01
0.12
0.52
10.59
0.13
2.73
1.74
5.01
0.98
3.06
0.25
0.09
2.72
9.87
1.05
0.02
0.00
0.41
0.00
0.66
0.03
0.00

2017

IN

Continued.

0.03
0.14
0.01
0.01
0.11
0.47
9.97
0.10
2.59
1.65
4.71
0.92
2.95
0.23
0.08
2.64
8.64
0.96
0.02
0.00
0.38
0.00
0.64
0.02
0.00

2016
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0.00
0.00
0.00
0.16
0.06
0.40
0.01
0.34
0.10
6.06

0.00
0.00
0.00
0.14
0.04
0.58
0.02
0.27
0.13
7.90

2007
0.00
0.00
0.00
0.16
0.04
0.71
0.01
0.37
0.17
7.83

2008
0.00
0.00
0.00
0.11
0.07
0.52
0.02
0.26
0.14
6.86

2009
0.00
0.00
0.00
0.14
0.04
0.63
0.02
0.29
0.12
6.80

2010
0.00
0.00
0.00
0.13
0.07
0.67
0.02
0.40
0.13
7.57

2011
0.00
0.00
0.00
0.14
0.06
0.71
0.01
0.31
0.13
7.94

2012

ASEAN ¼ Association of Southeast Asian Nations, NAFTA ¼ North American Free Trade Agreement.
Note: See Table A1.2 for deﬁnitions of economy codes.
Source: Authors’ calculations.

MLD
MON
NEP
NOR
PAK
RUS
SRI
SWI
TUR
ROW

2000

(b) Manufacturing

Table A2.2. Continued.

0.00
0.00
0.00
0.16
0.05
0.76
0.01
0.29
0.13
7.38

2013
0.00
0.00
0.00
0.16
0.06
0.70
0.01
0.28
0.13
6.87

2014

0.00
0.00
0.00
0.14
0.06
0.47
0.01
0.26
0.12
6.29

2015

0.00
0.00
0.00
0.12
0.05
0.39
0.01
0.24
0.12
5.66

2016

0.00
0.00
0.00
0.11
0.05
0.47
0.01
0.24
0.12
6.68

2017
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I.

Introduction

The People’s Republic of China (PRC) faces tariffs, trade wars, volatile exchange
rates, and other challenges. How can ﬁrms from the PRC sustain their exports in the
face of these shocks?
Abiad et al. (2018) and Asian Development Bank (ADB) (2018) noted that
products with lower demand elasticities will be less affected by impediments to trade.
They also observed that goods that are complex—in the sense of Hidalgo and
Hausmann (2009)—are difﬁcult to produce. Thus, purchasers need time and effort to
ﬁnd substitutes for these goods. Since ﬁnding substitutes is difﬁcult, microeconomic
theory indicates that complex goods should have lower price elasticities. Simple
goods, on the other hand, are like commodities and are more substitutable. Theory thus
implies that they should have larger elasticities.
Only a few studies have examined the relationship between Hidalgo and
Hausmann’s product complexity index (PCI) and elasticities. Arbatli and Hong (2016)
investigated whether more complex exports from Singapore have lower exchange rate
elasticities. Employing a mean group estimator and annual data at the Harmonized
System (HS) 4-digit level from 1989 to 2013, they reported that products with higher
PCIs do have lower elasticities.
Thorbecke (2018) estimated elasticities for the PRC’s exports to the United
States (US) disaggregated at the 2-digit and 4-digit HS level. He employed dynamic
ordinary least squares (DOLS) estimation and quarterly data over the 1992–2018
period. He reported that the PRC’s exports that are more complex, according to
Hidalgo and Hausmann’s measure, have lower exchange rate elasticities.
We investigate elasticities not only for the PRC’s exports to the US but also for
its exports to the world. Examining trade elasticities for the PRC’s exports to the world
obviates misspeciﬁcation issues that can arise when examining elasticities for the
PRC’s exports to a single country (see, for example, Ahmed 2009). We estimate
elasticities for the PRC’s exports of 960 manufactured goods to 190 economies over
the 1995–2018 period. We then investigate whether there is a relationship between
products’ exchange rate elasticities and their PCIs. For all goods, we report an export
elasticity of 0.67, implying that a 10% renminbi appreciation will reduce exports by
6.7%. We also ﬁnd lower elasticities for more complex goods.
In previous work, Cheung, Chinn, and Qian (2012) used DOLS to estimate
elasticities for the PRC’s exports to the world from the third quarter (Q3) of 1994 to
the fourth quarter (Q4) of 2010. Employing the International Monetary Fund’s
Consumer Price Index (CPI)-deﬂated real effective exchange rate, they reported that a
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10% renminbi appreciation would reduce total exports by between 9% and 16%,
manufacturing exports by between 9% and 15%, and primary exports by between 7%
and 12%.
Kato (2015) used panel DOLS and annual data on the PRC’s exports to 26
economies over the 1995–2011 period to estimate elasticities. He examined exports of
high skill- and technology-intensive manufacturing products and medium skill- and
technology-intensive manufacturing products. He culled data on exports by skill level
from the United Nations Conference on Trade and Development. He found that a
renminbi appreciation reduced exports of high skill- and technology-intensive exports
but not of medium skill- and technology-intensive exports.
Xing (2018) investigated how renminbi appreciation and rising wages affect the
PRC’s comparative advantage in labor-intensive assembly operations. He focused on
processed exports, which are goods that are produced using imported parts and
components. He examined two types of processed exports: pure assembly exports
(PAE) and mixed assembly exports (MAE). PAE is dependent on low wage labor.
According to Xing, PAE is the lowest value-added segment of global value chains.
Examining the PRC’s exports to more than 100 economies over the 1993–2013 period,
he found that a 10% appreciation of the nominal US dollar–renminbi exchange rate
would reduce PAE’s share in the PRC’s export basket by 24 percentage points and
MAE’s share by 15 percentage points. He also reported that a 10% wage increase in
the PRC would reduce PAE’s share by 16 percentage points and MAE’s share by 11
percentage points. Thus, exchange rate appreciation and wage increases would reduce
exports more in the PRC’s lower value-added regime.
Cheung, Chinn, and Qian (2015) examined the PRC’s processed and ordinary
exports to the US from the ﬁrst quarter (Q1) of 1994 to Q4 2012. They employed the
Pesaran, Shin, and Smith (2001) bounds testing approach that allows variables to have
different orders of integration. Their exchange rate measures include both the
CPI-deﬂated real exchange rate (RER) and the CPI-deﬂated RER corrected for
feedback from the PRC’s trade surplus. For both measures, they reported larger price
elasticities for ordinary exports than for processed exports. They noted that this could
be because ordinary exports are more dependent on local factors of production than are
processed exports.
Baiardi, Bianchi, and Lorenzini (2015) focused on one particular low-technology
export, which is clothing. They disaggregated clothing exports into individual 4-digit
Standard Industrial Trade Classiﬁcation categories over the 1992–2011 period. They
measured relative prices as the ratio of the PRC’s export unit value for each 4-digit
clothing category at time t to the average export unit value for other key exporters of
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the same good at time t. Using system generalized method of moments estimation,
they reported that a 10% increase in relative prices would reduce the PRC’s clothing
exports by between 8% and 9%.
It is not clear from these and other studies whether the PRC’s exports of more
complex products have lower elasticities. Our contribution is to investigate this issue
systematically using data on the PRC’s exports of 960 manufactured goods to 190
trading partners and Hidalgo and Hausmann’s (2009) product complexity measure.
The next section presents our data and methodology. Section III presents the
results. Section IV concludes.

II.

Data and Methodology

The theoretical model informing this investigation is the imperfect substitutes
model (Chinn 2004, 2005). In this framework, imported goods are imperfect
substitutes for domestic goods. Import demand is a decreasing function of the price of
imports (in the importing country’s currency) relative to the price of domestic goods.
Export supply is an increasing function of the price of exports (in the exporting
country’s currency) relative to the price of goods in the exporting country. Equating
import demand with export supply and using the RER to relate prices in the two
currencies yields the following export function:
lnX t ¼ β0 þ β1 lnRERt þ β2 lnY t ,

ð1Þ

where Xt represents exports, RERt represents the real exchange rate (importing
country’s currency per unit of export country’s currency), and Yt represents importing
country’s gross domestic product (GDP). The parameter β1 should be negative and
larger in absolute value the more elastic import demand is to the relative price of
imports, and the parameter β2 should be positive.
We follow Abiad et al. (2018) and ADB (2018) in positing that purchasers
require more time and effort to ﬁnd substitutes for goods that are difﬁcult to produce
and thus, that these goods should have lower import price elasticities. If import price
elasticities are lower, then the imperfect substitutes model implies that exchange rate
elasticities in equation (1) will be lower for these goods. We follow Abiad et al. (2018)
and ADB (2018) in using the PCI of Hidalgo and Hausmann (2009) as a way of
measuring how difﬁcult a good is to produce.
Felipe et al. (2012) explained Hidalgo and Hausmann’s (2009) approach and
how it builds on the literature that models development as a process of transforming a
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country’s economic structure toward higher productivity activities.1 Hidalgo and
Hausmann emphasized the role of capabilities in determining the ability of economies
to produce more complex goods. As a Scrabble player with many letters can create
more complicated words, an economy with many capabilities can produce more
complex products. As Felipe et al. (2012) highlighted, capabilities are determined by
human and physical capital, legal and institutional systems, tacit and codiﬁed knowhow, organizational abilities, and other factors.
The approach of Hidalgo and Hausmann (2009) involved employing copious
export data to infer a country’s capabilities. Building on the Scrabble analogy, they
examined not the number of letters that the player has, but the complexity of the words
they create. To do this, they employed the method of reﬂections to measure the
complexities of economies and products. For an economy, they measured complexity
by its diversiﬁcation. They deﬁned diversiﬁcation as the number of products that a
country exports with revealed comparative advantage (RCA) greater than 1. For a
product, they measured complexity by its ubiquity. They deﬁned ubiquity as the
number of economies that export the product with RCA greater than 1. Intuitively, an
economy that exports more products with RCA greater than 1 is more diversiﬁed, and
a product that fewer economies export with RCA greater than 1 is less ubiquitous.
Higher diversiﬁcation implies that an economy has more capabilities and lower
ubiquity implies that a product requires more capabilities to produce. Formally,
diversiﬁcation and ubiquity can be represented as follows:
X
M ep ,
ð2Þ
Diversification (Economic complexity): k e, 0 ¼
Ubiquity (Product complexity): k p, 0 ¼

X
e

p

M ep ,

ð3Þ

where e represents an economy, p represents a product, Mep equals 1 if an economy e
exports product p with RCA greater than 1, and Mep equals 0 otherwise. The method
of reﬂections involves ﬁrst calculating diversiﬁcation and ubiquity from equations (2)
and (3) and then solving equations (4) and (5) iteratively as follows:
X
M ep k p;n1 ,
ð4Þ
k e;n ¼ 1=k e, 0
p

k p;n ¼ 1=k p, 0

X
e

M ep k c;n1 :

ð5Þ

1Contributors to this literature include Lewis (1955), Rostow (1959), Kuznets (1966), Kaldor
(1967), and Chenery and Taylor (1968).
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We use the PCI derived from this approach to measure complexity. The data
come from The Atlas of Economic Complexity.2 Since the index itself is volatile, we
employ the ranking of products based on the PCI along with the index values
themselves. We use average values of the PCI and the PCI rankings over the 1995–
2018 period, and also combine exports into ﬁve sophistication categories based on
their PCI and PCI ranking values.3 The HS 4-digit codes corresponding to high,
medium-high, medium, medium-low, and low complexity goods are available on
request. As a robustness check, we also use complexity values and rankings obtained
from the Massachusetts Institute of Technology (MIT) Observatory of Economic
Complexity (OEC).4 The OEC employs a similar method to the one used by Hidalgo
and Hausmann (2009) to calculate PCIs. However, it uses data from Feenstra et al.
(2005) and relies on researchers from the Centre d’Etudes Prospectives et
d’Informations Internationales (CEPII) to harmonize the trade data.
Why should the PRC care if more complex products have lower exchange rate
elasticities? Ilzetzki, Reinhart, and Rogoff (2020) argued that, while the exchange rates
of the renminbi, US dollar, Japanese yen, and euro have been eerily stable, volatility
could reemerge. If this were to happen, exports of products with lower exchange rate
elasticities would remain more stable relative to exports of products with higher
elasticities. Stable export ﬂows would allow producers to focus on upgrading their
technology and satisfying consumer preferences rather than coping with volatile sales.
Further, protectionist pressures in the US have exploded and led to tariffs on
imports from the PRC. In standard models, tariffs and exchange rates exert identical
effects on export volumes (Krugman 1979; Eaton and Kortum 2002). For example,
Fontagné, Martin, and Oreﬁce (2018) reported this correspondence in a model with
constant elasticity of substitution preferences. Because of this equivalence, House,
Proebsting, and Tesar (2019) used exchange rate elasticities to calculate the effect on
the US economy of tariffs on imports from the PRC. Thus, exports of products with
lower exchange rate elasticities should also fall less when tariffs are imposed.
Many researchers have investigated empirically the relationship between
exports and exchange rates (see, for example, Eichengreen and Gupta 2013; Freund
and Pierola 2012; Di Nino, Eichengreen, and Sbracia 2012; Ahmed, Appendino, and
Ruta 2015; and Bénassy-Quéré, Bussière, and Wibaux 2019). We follow the approach
of Bénassy-Quéré, Bussière, and Wibaux (2019). They modeled country i’s exports to

website for The Atlas of Economic Complexity is https://atlas.cid.harvard.edu/.
PCI rankings of all 960 products over the 1995–2018 period are available upon request.
4These data are available at https://oec.world.
2The

3Average
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country j of product p in year t, Xijpt , using a series of ﬁxed effects:
lnXijpt ¼ ipt þ jpt þ ij þ ijpt ,

ð6Þ

where ipt , jpt , and ij are ﬁxed effects for exporter, product, time; importer, product,
time; and importer, exporter, respectively. The last term ijpt is a random error term.
Bénassy-Quéré, Bussière, and Wibaux (2019) added the bilateral real exchange rate
(BRER) between country i and country j at time t, BRERijt , yielding the following equation:
lnXijpt ¼ βlnBRERijt þ ipt þ jpt þ ij þ ijpt :

ð7Þ

We can only estimate equation (7) with ﬁxed effects along three dimensions ( j, p, t)
instead of four dimensions (i, j, p, t) because the PRC is the only exporting country. As
Bénassy-Quéré, Bussière, and Wibaux (2019) did, we also include the importing
country’s real GDP (Yjt ) as an additional control variable. We thus focus on the following
export equation:
lnXjpt ¼ β0 þ β1 lnBRERjt þ β2 lnYjt þ jp þ t þ jpt :

ð8Þ

We employ interaction terms to investigate whether exchange rate elasticities
are different for the PRC’s exports when disaggregated into the ﬁve levels of
sophistication:
lnXjpt ¼ β0 þ β1 lnBRERjt þ β2 lnYjt þ β3 lnBRERjt  D1 þ β4 lnBRERjt  D2
þ β5 lnBRERjt  D3 þ β6 lnBRERjt  D4 þ jp þ t þ jpt ,

(9)

where D1 is a dummy variable equaling 1 if the export category p ranks in the most
complex 20% (highly sophisticated) and 0 otherwise; D2 is a dummy variable equaling 1
if the export category p ranks between the 60th and 80th percentile in the complexity
rankings (medium-highly sophisticated) and 0 otherwise; D3 is a dummy variable
equaling 1 if the export category p ranks between the 40th and 60th percentile in
complexity ratings (medium sophisticated) and 0 otherwise; and D4 is a dummy variable
equaling 1 if the export category p ranks between the 20th and 40th percentile in
complexity ratings (medium-low sophisticated) and 0 otherwise. We also use an equation
similar to (9) to investigate whether real GDP elasticities are different for the PRC’s
exports disaggregated into the ﬁve levels of sophistication.
Following Bénassy-Quéré, Bussière, and Wibaux (2019), we measure Xjpt as the
value of exports. We obtain bilateral free-on-board export data from the PRC to 190
economies at the HS 4-digit level for 960 manufactured goods between 1995 and 2018
from The Atlas of Economic Complexity. The atlas in turn collected these data from the
United Nations Comtrade database.
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Table 1.

Variable
Natural logarithm of exports
Natural logarithm of the bilateral
real exchange rate
Natural logarithm of real GDP
in importing economies

Summary Statistics

Number of
Observations

Mean

Standard
Deviation

Minimum

Maximum

2,379,133
2,439,114

11.99
0.15

3.13
0.53

4.61
1.73

24.83
1.80

2,446,460

25.00

2.13

17.10

30.63

GDP ¼ gross domestic product.
Source: Authors’ calculations.

We obtain data on the BRER between the PRC and each importing economy
from the CEPII-CHELEM database.5 The exchange rate is deﬁned so that an increase
represents an appreciation of the renminbi. We obtain data on real GDP in the
importing economies from the CEPII gravity database.6 Table 1 provides descriptive
statistics for the variables in equation (9).

III. Results
Table 2 presents the results from estimating equation (9). Column (2) presents
results with exports sorted into ﬁve categories based on average rankings of the
Hidalgo–Hausmann PCI, column (3) with exports sorted based on values of the
Hidalgo–Hausmann PCI, column (4) with exports sorted based on average rankings of
the MIT OEC PCI, and column (5) with exports sorted based on values of the MIT
OEC PCI. All of the coefﬁcients are of the expected signs and statistically signiﬁcant
at the 1% level. F-tests indicate that the coefﬁcients on the interaction terms between
the exchange rate and complexity levels are also statistically different from each other
at the 1% level, implying that the exchange rate elasticities differ across complexity
levels.
In column (2) with exports sorted based on Hidalgo–Hausmann rankings, the
exchange rate elasticity is 0.293 for the most sophisticated exports, 0.556 for the
medium-high sophisticated exports, 0.781 for the medium sophisticated exports,

5It would be preferable to utilize relative individual prices of exports expressed in a common
currency that differs between types of exports. Unfortunately, we are unable to obtain these data across all
of our export categories.
6The website for the gravity database is http://www.cepii.fr/CEPII/en/bdd_modele/presentation.asp?
id=8.
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Exchange Rate Elasticities for the People’s Republic of China’s Manufacturing
Exports Sorted into Five Sophistication Categories
Products Sorted
by Hidalgo and
Hausmann
Product
Complexity
Rankings
(2)

Products Sorted
by Hidalgo and
Hausmann
Product
Complexity
Values
(3)

Products
Sorted by MIT
Product
Complexity
Rankings
(4)

Products
Sorted by MIT
Product
Complexity
Values
(5)

1.230***
(0.136)

1.164***
(0.134)

1.311***
(0.137)

1.231***
(0.134)

Interaction term
between real
exchange rate
and dummy
variable for
highly
sophisticated
products

0.937***
(0.114)

0.890***
(0.109)

1.053***
(0.124)

0.978***
(0.119)

Interaction term
between real
exchange rate
and dummy
variable for
mediumhighly
sophisticated
products

0.674***
(0.089)

0.727***
(0.098)

0.840***
(0.105)

0.844***
(0.108)

Interaction term
between real
exchange rate
and dummy
variable for
medium
sophisticated
products

0.449***
(0.067)

0.452***
(0.064)

0.646***
(0.080)

0.647***
(0.081)

Interaction term
between real
exchange rate
and dummy
variable for
medium-low
sophisticated
products

0.294***
(0.043)

0.333***
(0.043)

0.443***
(0.052)

0.498***
(0.059)

Variable
(1)
Real exchange
rate

Continued.
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Table 2. Continued.
Products Sorted
by Hidalgo and
Hausmann
Product
Complexity
Rankings
(2)

Products Sorted
by Hidalgo and
Hausmann
Product
Complexity
Values
(3)

Products
Sorted by MIT
Product
Complexity
Rankings
(4)

Products
Sorted by MIT
Product
Complexity
Values
(5)

Real GDP

0.775***
(0.131)

0.775***
(0.131)

0.774***
(0.131)

0.774***
(0.131)

Number of
observations

2,361,964

2,361,964

2,361,964

2,361,964

0.812

0.812

0.812

0.812

Variable
(1)

Adjusted
R-squared

GDP ¼ gross domestic product, MIT = Massachusetts Institute of Technology.
Notes: The table presents trade elasticities for manufacturing exports from the People’s Republic of China
(PRC). Harmonized System (HS) 4-digit level exports from the PRC are divided into ﬁve sophistication
levels based on their average ranking among 960 goods according to their Hidalgo and Hausmann (2009)
Product Complexity Index rankings (column [2]), Hidalgo and Hausmann (2009) Product Complexity
Index values (column [3]), MIT Observatory of Economic Complexity rankings (column [4]), and MIT
Observatory of Economic Complexity values (column [5]). The regressions include the PRC’s
manufacturing exports (960 goods) disaggregated at the HS 4-digit level to 190 economies over the
1995–2018 period. These exports are divided into ﬁve complexity levels using the four methods listed
above. The real exchange rate is interacted with dummy variables for four complexity levels. The
regressions also include time and importer-product ﬁxed effects. All variables are measured in natural
logarithms. *** denotes signiﬁcance at the 1% level using clustered standard error at the importingeconomy level.
Source: Authors’ calculations.

0.936 for the medium-low sophisticated exports, and 1.230 for the least sophisticated
exports. In column (3) with exports sorted based on Hidalgo–Hausmann values, the
exchange rate elasticity is 0.274 for the most sophisticated exports, 0.437 for the
medium-high sophisticated exports, 0.712 for the medium sophisticated exports,
0.831 for the medium-low sophisticated exports, and 1.164 for the least sophisticated
exports. In column (4) with exports sorted based on MIT OEC rankings, the exchange
rate elasticity is 0.258 for the most sophisticated exports, 0.471 for the medium-high
sophisticated exports, 0.665 for the medium sophisticated exports, 0.868 for the
medium-low sophisticated exports, and 1.311 for the least sophisticated exports. In
column (5) with exports sorted based on MIT OEC values, the exchange rate elasticity is
0.253 for the most sophisticated exports, 0.387 for the medium-high sophisticated
exports, 0.584 for the medium sophisticated exports, 0.733 for the medium-low
sophisticated exports, and 1.231 for the least sophisticated exports. Figures 1–4 plot

RELATIONSHIP

BETWEEN

PRODUCT COMPLEXITY AND EXCHANGE RATE ELASTICITIES 199

Figure 1. The Relationship between Product Complexity and Real Exchange Rate Elasticities
for the People’s Republic of China’s Exports

Notes: Complexity levels are determined by product rankings based on Hidalgo and Hausmann’s Product
Complexity Index. The ﬁgure presents real exchange rate elasticities for manufacturing exports from the People’s
Republic of China (PRC). Harmonized System (HS) 4-digit level exports from the PRC are divided into ﬁve
sophistication levels based on their average ranking among 960 goods according to the Product Complexity Index
of Hidalgo and Hausmann (2009). The regression includes the PRC’s manufacturing exports (960 goods)
disaggregated at the HS 4-digit level to 190 economies over the 1995–2018 period. The real exchange rate is
interacted with dummy variables for four complexity levels to ﬁnd exchange rate elasticities for each level. The
regressions also include importing-economy gross domestic product and time and importer-product ﬁxed effects.
Source: Authors’ calculations.

the elasticities for each of these four cases. The ﬁgures, especially the ﬁrst three, indicate
that there is almost a linear relationship between sophistication levels and elasticities.
Taking averages of the elasticities across columns (2)–(5), the results
indicate that a 10% renminbi appreciation is associated with a drop in exports of
2.5% for the most sophisticated exports, 4.5% for medium-high sophisticated exports,
6.8% for medium sophisticated exports, 8.5% for medium-low sophisticated exports,
and 12.4% for the least sophisticated exports. Thus, these ﬁndings indicate that
sophisticated exports such as lubricants, zirconium, and titanium are less sensitive to
exchange rates than unsophisticated exports such as natural rubber, sulfur, and
prepared ﬁsh.
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Figure 2. The Relationship between Product Complexity and Real Exchange Rate Elasticities
for the People’s Republic of China’s Exports

Notes: Complexity levels are determined by product values based on Hidalgo and Hausmann’s Product
Complexity Index. The ﬁgure presents real exchange rate elasticities for manufacturing exports from the People’s
Republic of China (PRC). Harmonized System (HS) 4-digit level exports from the PRC are divided into ﬁve
sophistication levels based on their average values among 960 goods according to the Product Complexity Index
of Hidalgo and Hausmann (2009). The regression includes the PRC’s manufacturing exports (960 goods)
disaggregated at the HS 4-digit level to 190 economies over the 1995–2018 period. The real exchange rate is
interacted with dummy variables for four complexity levels to ﬁnd exchange rate elasticities for each level. The
regressions also include importing-economy gross domestic product and time and importer-product ﬁxed effects.
Source: Authors’ calculations.

Table 2 presents results for exports divided into ﬁve sophistication categories.
We also estimate equation (8) for each of the HS-4 digit level categories separately.
Regressing the resulting exchange rate elasticities for each 4-digit export category
i ( βBRER, i ) on the corresponding PCI ranking for that 4-digit category (PCIRanking, i )
yields the following:
βBRER, i ¼ 0:466 ***  0:000319 *** PCIRanking, i :
(0:100)

(0:000093)

(10)

Number of observations ¼ 960. Heteroscedasticity and autocorrelation consistent standard
errors in parentheses. *** ¼ signiﬁcant at 1% level. Adjusted R-squared ¼ 0:315. Standard
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Figure 3. The Relationship between Product Complexity and Real Exchange Rate Elasticities
for the People’s Republic of China’s Exports

Notes: Complexity levels are determined by product rankings based on the Massachusetts Institute of Technology
(MIT) Observatory of Economic Complexity (OEC) data. The ﬁgure presents real exchange rate elasticities for
manufacturing exports from the People’s Republic of China (PRC). Harmonized System (HS) 4-digit level
exports from the PRC are divided into ﬁve sophistication levels based on their average ranking among 960 goods
according to data from the MIT OEC. The regression includes the PRC’s manufacturing exports (960 goods)
disaggregated at the HS 4-digit level to 190 economies over the 1995–2018 period. The real exchange rate is
interacted with dummy variables for four complexity levels to ﬁnd exchange rate elasticities for each level. The
regressions also include importing-economy gross domestic product and time and importer-product ﬁxed effects.
Source: Authors’ calculations.

error of regression ¼ 0:519. Durbin–Watson statistic ¼ 2. Dummy variables included for
each HS 2-digit category.
The coefﬁcient on PCIRanking is negative and highly statistically signiﬁcant. This
implies that exports of more complex products are less responsive to exchange rate
changes. There is a problem interpreting the coefﬁcient in equation (10) because the
regressand is a cardinal measure and the regressor is an ordinal measure. To circumvent
this, we use PCI values as the right-hand-side variable. We also use a log–log speciﬁcation
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Figure 4. The Relationship between Product Complexity and Real Exchange Rate Elasticities
for the People’s Republic of China’s Exports

Notes: Complexity levels are determined by product values based on the Massachusetts Institute of Technology
(MIT) Observatory of Economic Complexity (OEC) data. The ﬁgure presents real exchange rate elasticities for
manufacturing exports from the People’s Republic of China (PRC). Harmonized System (HS) 4-digit level
exports from the PRC are divided into ﬁve sophistication levels based on their average values among 960 goods
according to data from the MIT OEC. The regression includes the PRC’s manufacturing exports (960 goods)
disaggregated at the HS 4-digit level to 190 economies over the 1995–2018 period. The real exchange rate is
interacted with dummy variables for four complexity levels to ﬁnd exchange rate elasticities for each level. The
regressions also include importing-economy gross domestic product and time and importer-product ﬁxed effects.
Source: Authors’ calculations.

so that we can interpret the coefﬁcient as an elasticity.7 The results are as follows:
log ( βBRER, i ) ¼ 0:775 *** þ 0:269 ** log (PCIValue, i ):
(0:189)
(0:120)

(11)

Number of observations ¼ 960. Heteroscedasticity and autocorrelation consistent
standard errors in parentheses. *** (**) ¼ signiﬁcant at 1% (5%) level. Adjusted

7To avoid taking logarithms of negative values, we added 4.01 to the elasticity values and 5 to the
Hidalgo–Hausmann and MIT OEC PCI values.
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R-squared ¼ 0:133. Standard error of regression ¼ 0:244. Durbin–Watson statistic ¼
2:12. Dummy variables included for each HS 2-digit category.
The coefﬁcient on PCIValue is positive and statistically signiﬁcant. This implies that
exports of more complex products are less responsive to exchange rate changes. The
coefﬁcient indicates that a 10% increase in PCI values is associated with a 2.69%
increase in the exchange rate elasticity.
Table 3.

Gross Domestic Product Elasticities for the People’s Republic of China’s Manufacturing
Exports Sorted into Five Sophistication Categories
Products Sorted
by Hidalgo and
Hausmann
Product
Complexity
Rankings
(2)

Products Sorted
by Hidalgo and
Hausmann
Product
Complexity
Values
(3)

Products
Sorted by MIT
Product
Complexity
Rankings
(4)

Products
Sorted by MIT
Product
Complexity
Values
(5)

0.675***
(0.104)

0.674***
(0.104)

0.669***
(0.103)

0.670***
(0.103)

Interaction term
between real
GDP and
dummy
variable for
highly
sophisticated
products

1.239***
(0.096)

1.146***
(0.090)

1.582***
(0.101)

1.393***
(0.097)

Interaction term
between real
GDP and
dummy
variable for
medium-highly
sophisticated
products

0.919***
(0.079)

1.081***
(0.079)

1.364***
(0.082)

1.412***
(0.084)

Interaction term
between real
GDP and
dummy
variable for
medium
sophisticated
products

0.569***
(0.059)

0.599***
(0.055)

1.050***
(0.063)

1.012***
(0.062)

Variable
(1)
Real exchange rate

Continued.
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Table 3. Continued.

Variable
(1)
Interaction term
between real
GDP and
dummy
variable for
medium-low
sophisticated
products
Real GDP
Number of
observations
Adjusted
R-squared

Products Sorted
by Hidalgo and
Hausmann
Product
Complexity
Rankings
(2)

Products Sorted
by Hidalgo and
Hausmann
Product
Complexity
Values
(3)

Products
Sorted by MIT
Product
Complexity
Rankings
(4)

Products
Sorted by MIT
Product
Complexity
Values
(5)

0.307***
(0.047)

0.321***
(0.044)

0.717***
(0.053)

0.732***
(0.050)

0.048
(0.145)

0.127
(0.140)

0.247*
(0.136)

0.097
(0.133)

2,361,964

2,361,964

2,361,964

2,361,964

0.813

0.813

0.814

0.814

GDP ¼ gross domestic product, MIT = Massachusetts Institute of Technology.
Notes: The table presents GDP elasticities for manufacturing exports from the People’s Republic of China
(PRC). Harmonized System (HS) 4-digit level exports from the PRC are divided into ﬁve sophistication
levels based on their average ranking among 960 goods according to their Hidalgo and Hausmann (2009)
Product Complexity Index rankings (column [2]), Hidalgo and Hausmann (2009) Product Complexity
Index values (column [3]), MIT Observatory of Economic Complexity rankings (column [4]), and MIT
Observatory of Economic Complexity values (column [5]). The regressions include the PRC’s
manufacturing exports (960 goods) disaggregated at the HS 4-digit level to 190 economies over the
1995–2018 period. These exports are divided into ﬁve complexity levels using the four methods listed
above. Real GDP is interacted with dummy variables for four complexity levels. The regressions also include
time and importer-product ﬁxed effects. All variables are measured in natural logarithms. *** denotes
signiﬁcance at the 1% level using clustered standard error at the importing-economy level.
Source: Authors’ calculations.

As a sensitivity check, we run a regression analogous to equation (11) using the
PCI values obtained from the MIT OEC:
log ( βBRER, i ) ¼ 0:997 *** þ 0:127 ** log (PCIValue, i ):
(0:085)
(0:051)

(12)

Number of observations ¼ 817. Heteroscedasticity and autocorrelation consistent standard
errors in parentheses. *** (**) ¼ signiﬁcant at 1% (5%) level. Adjusted R-squared ¼ 0:343.
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Standard error of regression ¼ 0:126. Durbin–Watson statistic ¼ 1:9. Dummy variables
included for each HS 2-digit category.
The coefﬁcient on PCIValue is positive and statistically signiﬁcant. This implies again
that exports of more complex products are less responsive to exchange rate changes.
The coefﬁcient indicates that a 10% increase in PCI values is associated with a 1.27%
increase in the exchange rate elasticity.
Table 3 presents the results from using interaction terms to allow GDP elasticities
to vary across the ﬁve complexity categories. Column (2) sorts exports based on average
rankings of the Hidalgo–Hausmann PCI, column (3) based on values of the Hidalgo–
Hausmann PCI, column (4) based on average rankings of the MIT OEC PCI, and column
(5) based on values of the MIT OEC PCI. F-tests indicate that all of the coefﬁcients on the
interaction terms between GDP elasticities and complexity levels are also statistically
different from each other at the 1% level, implying that the GDP elasticities differ across
complexity levels.
In column (2) with exports sorted based on Hidalgo–Hausmann rankings, the
GDP elasticity is 1.287 for the most sophisticated exports, 0.967 for medium-high
sophisticated exports, 0.617 for medium sophisticated exports, 0.355 for medium-low
sophisticated exports, and 0.048 for the least sophisticated exports. In column (3) with
exports sorted based on Hidalgo–Hausmann values, the GDP elasticity is 1.273 for the
most sophisticated exports, 1.208 for medium-high sophisticated exports, 0.726 for
medium sophisticated exports, 0.448 for medium-low sophisticated exports, and 0.127
for the least sophisticated exports. In column (4) with exports sorted based on MIT
OEC rankings, the GDP elasticity is 1.335 for the most sophisticated exports, 1.117 for
medium-high sophisticated exports, 0.803 for medium sophisticated exports, 0.47 for
medium-low sophisticated exports, and 0.247 for the least sophisticated exports. In
column (5) with exports sorted based on MIT OEC values, the GDP elasticity is 1.296
for the most sophisticated exports, 1.315 for medium-high sophisticated exports, 0.915
for medium sophisticated exports, 0.635 for medium-low sophisticated exports, and
0.097 for the least sophisticated exports.
Figures 5–8 plot the elasticities for these four cases. The ﬁgures indicate that
more complex goods have higher GDP elasticities. This accords with conventional
macroeconomic trade theory, which suggests that more sophisticated goods and those
with greater nonprice competitiveness should have higher income elasticities.8

8We

are indebted to an anonymous referee for the discussion in this and the next paragraph.
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Figure 5. The Relationship between Product Complexity and Real Gross Domestic Product
Elasticities for the People’s Republic of China’s Exports

Notes: Complexity levels are determined by product rankings based on Hidalgo and Hausmann’s Product
Complexity Index. The ﬁgure presents real gross domestic product (GDP) elasticities for manufacturing exports
from the People’s Republic of China (PRC). Harmonized System (HS) 4-digit level exports from the PRC are
divided into ﬁve sophistication levels based on their average ranking among 960 goods according to the Product
Complexity Index of Hidalgo and Hausmann (2009). The regression includes the PRC’s manufacturing exports
(960 goods) disaggregated at the HS 4-digit level to 190 economies over the 1995–2018 period. Real GDP is
interacted with dummy variables for four complexity levels to ﬁnd GDP elasticities for each level. The regressions
also include bilateral real exchange rates and time and importer-product ﬁxed effects.
Source: Authors’ calculations.

The GDP elasticities in Table 2 equal 0.775. This indicates that the PRC’s share
of exports in the GDP of its trading partners is declining over time. However, there
may be some aggregation bias when the income elasticities of demand are constrained
to take on the same values for all exports. The results in Table 3 indicate that the
income elasticities are typically greater than unity for the two most sophisticated
export categories.
One important implication of the ﬁndings in this section is that more sophisticated
exports from the PRC are less sensitive to exchange rates. This indicates that technological
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Figure 6. The Relationship between Product Complexity and Real Gross Domestic Product
Elasticities for the People’s Republic of China’s Exports

Notes: Complexity levels are determined by product values based on Hidalgo and Hausmann’s Product
Complexity Index. The ﬁgure presents real gross domestic product (GDP) elasticities for manufacturing exports
from the People’s Republic of China (PRC). Harmonized System (HS) 4-digit level exports from the PRC are
divided into ﬁve sophistication levels based on their average values among 960 goods according to the Product
Complexity Index of Hidalgo and Hausmann (2009). The regression includes the PRC’s manufacturing exports
(960 goods) disaggregated at the HS 4-digit level to 190 economies over the 1995–2018 period. Real GDP is
interacted with dummy variables for four complexity levels to ﬁnd GDP elasticities for each level. The regressions
also include bilateral real exchange rates and time and importer-product ﬁxed effects.
Source: Authors’ calculations.

upgrading can help to maintain stability in the volume of the PRC’s exports in the face
of exchange rate ﬂuctuations.
The PRC’s complexity rating based on the approach of Hidalgo and Hausmann
(2009) rose from 46th in 1995 to 18th in 2018. As the PRC’s exports are becoming
more sophisticated, the results in this paper imply that its exchange rate elasticity will
fall. Taking average elasticities across columns (2)–(5) of Table 2 indicates that
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Figure 7. The Relationship between Product Complexity and Real Gross Domestic Product
Elasticities for the People’s Republic of China’s Exports

Notes: Complexity levels are determined by product rankings based on the Massachusetts Institute of Technology
(MIT) Observatory of Economic Complexity (OEC) data. The ﬁgure presents real gross domestic product (GDP)
elasticities for manufacturing exports from the People’s Republic of China (PRC). Harmonized System (HS)
4-digit level exports from the PRC are divided into ﬁve sophistication levels based on their average ranking
among 960 goods according to data from the MIT OEC. The regression includes the PRC’s manufacturing exports
(960 goods) disaggregated at the HS 4-digit level to 190 economies over the 1995–2018 period. Real GDP is
interacted with dummy variables for four complexity levels to ﬁnd GDP elasticities for each level. The regressions
also include bilateral real exchange rates and time and importer-product ﬁxed effects.
Source: Authors’ calculations.

elasticities for the two most complex categories are 0.45 and 0.25. Assuming that
import elasticities are also small, then it seems likely that the Marshall–Lerner
condition will only just hold or not hold at all for the PRC in the future. Thus,
depreciations in the RER will have very limited impact in improving the PRC’s trade
balance going forward.
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Figure 8. The Relationship between Product Complexity and Real Gross Domestic Product
Elasticities for the People’s Republic of China’s Exports

Notes: Complexity levels are determined by product values based on the Massachusetts Institute of Technology
(MIT) Observatory of Economic Complexity (OEC) data. The ﬁgure presents real gross domestic product (GDP)
elasticities for manufacturing exports from the People’s Republic of China (PRC). Harmonized System (HS) 4digit level exports from the PRC are divided into ﬁve sophistication levels based on their average values among
960 goods according to data from the MIT OEC. The regression includes the PRC’s manufacturing exports (960
goods) disaggregated at the HS 4-digit level to 190 economies over the 1995–2018 period. Real GDP is interacted
with dummy variables for four complexity levels to ﬁnd GDP elasticities for each level. The regressions also
include bilateral real exchange rates and time and importer-product ﬁxed effects.
Source: Authors’ calculations.

IV. Conclusion
Researchers at the International Monetary Fund, ADB, and other institutions
have noted that complex products—in the sense of Hidalgo and Hausmann (2009)—
have fewer substitutes (see, for example, Arbatli and Hong 2016, Abiad et al. 2018,
and ADB 2018). For this reason, complex goods should have lower price elasticities.
Arbatli and Hong (2016) is one of the few studies that presents empirical
evidence that products with higher product complexity indices have lower exchange
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rate elasticities. They found that more complex exports from Singapore decrease less
when the exchange rate appreciates than less complex exports do.
We investigate this issue for the PRC’s exports over the 1995–2018 period. We
employ bilateral data on its exports of 960 products disaggregated at the HS 4-digit
level to 190 partner economies. We ﬁnd that a 10% appreciation of the renminbi
reduces total exports by 6.7%. We also ﬁnd that more sophisticated exports, as
measured by their PCIs, are less exposed to exchange rate appreciations.
There should be a relationship between how exchange rates affect exports and
how tariffs affect them. In theory, exchange rates and tariffs exert identical effects on
export volumes. The results in this paper thus imply that more complex products will
be less exposed not only to exchange rates but also to tariffs and other factors affecting
the PRC’s export prices.
The PRC’s manufacturers are buffeted by volatile exchange rates, tariffs, trade
wars, and other factors. Producing more sophisticated products can help to stabilize the
ﬂow of manufacturing exports in the face of these shocks. The Government of the
PRC has employed trade and industrial policies to upgrade its industries (Huang,
Salike, and Zhong 2017). These policies helped improve the PRC’s economic
complexity ranking, as measured using the method of Hidalgo and Hausmann (2009),
from 46th in the world in 1995 to 18th in the world in 2018. To maintain stability, the
PRC should continue upgrading its industrial structure and advancing toward the
technology frontier.
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I use a stochastic model to explore the dynamics of poverty in India from 1952
to 2006 and ﬁnd that temporal transitions into and out of poverty are common.
Model outcomes suggest that transitions out of poverty outnumber transitions
into poverty in recent times, but that there is still a nontrivial proportion of
individuals transitioning annually into poverty, highlighting the economic
fragility of those near the poverty line. There is also a marked persistence of
poverty over time, and although this has been slowly declining, past poverty
remains a good predictor of current poverty. Particularly concerning in this
context are the income trajectories of those in the bottom decile of the income
distribution for whom escape from poverty appears infeasible given extant
income dynamics. Finally, the dynamics suggest that transitional and persistent
poverty are distinct phenomena that require distinct policy responses involving
both missing markets and state action.
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I.

Introduction

Poverty in India is a deeply explored subject, reﬂecting the centrality of poverty
alleviation in economic policy making since independence. This has meant a keen
focus on issues of poverty measurement, the multidimensional impacts of poverty, and
the apposite design of economic policy (Ahmed and Bhattacharya 1972; Ninan 1994;
Deaton and Dreze 2002; Dev and Ravi 2007; Dhongde 2007; Datt and Ravallion
2009; Kohli 2012; Bhagwati and Panagariya 2013; Kjelsrud and Somanathan 2017;
Srinivasan, Bardhan, and Bali 2017).
Poverty measurement has largely focused on static descriptors such as the head
count ratio (HCR) or the poverty gap index, which are measurements of poverty drawn
from extant income or expenditure distributions (Srinivasan, Bardhan, and Bali 2017).
These measures are termed “static” because they focus on average properties of the
ensemble at any given point in time. However, a more holistic understanding of the
phenomenon requires a deeper exploration of long-term dynamical aspects. Our
current understanding of the temporal evolution of poverty emerges from a time series
of static snapshots of HCR, but this does not provide any information on the time
evolution, or dynamics, of poverty, unless poverty is an ergodic process. An ergodic
process is one where the ensemble average equals the time average, and the
assumption of ergodicity was essential to precisely describe the thermodynamic
behavior of gases, where particles undergo Geometric Brownian Motion (GBM)
(Peters 2019). On the other hand, studies of household poverty suggest path
dependency (nonrandomness) in poverty trajectories and there is therefore no case for
assuming ergodicity in this context (Cappellari and Jenkins 2004, Ayllón 2008,
Bigsten and Shimeles 2008, You 2011). Exploring the dynamics of poverty—the time
evolution of individual income trajectories as they rise above and fall below poverty—
becomes critical to enable a comprehensive description and interpretation of poverty
trends. Speciﬁcally, poverty dynamics pertain to questions on the nature and extent of
the transitions of individual income paths across the poverty line as they evolve over
long time horizons, as well as to quantiﬁcations of the persistence of poverty over time.
Poverty measurement in India has relied on National Sample Survey (NSS) data
on consumption because India does not have a regular income survey (Srinivasan,
Bardhan, and Bali 2017). This measurement has centered around the poverty line,
which is the level of income or expenditure below which an individual is considered poor.
India’s Planning Commission endorsed the Lakdawala Committee recommendation of a
nutritional-requirement-based poverty line deﬁnition—speciﬁcally, the average level of
expenditure required to achieve 2,400 or 2,100 calories per person per day in urban or
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rural areas, respectively, which worked out to a poverty line of 1.9 Indian rupees ( )
and 1.63 (in 1973/74 prices) per day in urban and rural areas, respectively (Expert
Group on Estimation of Proportion and Number of Poor 1993, Datt and Ravallion
2009). Datt and Ravallion (2009) used the Lakdawala Committee recommendation as
the basis to compute the poverty HCR, which is the fraction of the population under
the poverty line, between 1952 and 2006, which makes this the longest available
consistent time series of poverty rates for India. The Lakdawala methodology was
altered by the Tendulkar Committee, moving away from caloric norms, and instead
focusing on expenditure on a basket of goods and services, resulting in a poverty line
of 32 and 26 (in 2011 prices) per person per day in urban and rural India,
respectively (Panagariya and Mukim 2014, Expert Group to Review the Methodology
for Estimation of Poverty 2009). Additionally, there is the World Bank’s global
poverty line of $1.9 per person per day at 2011 purchasing power parity (PPP), which
is salient because it forms the basis of poverty eradication goals under the United
Nations’ Sustainable Development Goals (World Bank 2015, World Bank Poverty
Data).1 The World Bank also has a higher poverty line at $3.2 (in 2011 PPP prices) for
middle-income countries (World Bank Poverty Data). Figure 1 plots India’s HCR for
all the poverty lines discussed above, and it is apparent that there has been a
systematic, continuous decline in static poverty since the 1980s, with sharp declines
evident since 2000.
There is an emerging global empirical literature exploring poverty transitions and
the dynamic aspects of poverty (Bigsten and Shimeles 2008; McKernan and Ratcliffe
2002; Haq 2004; You 2011; Imai, Gaiha, and Kang 2011; Jha et al. 2012; Gaiha and
Imai 2004). Between 1994 and 2004, households in Ethiopia were found to frequently
cycle into and out of poverty, though the probability of exiting decreased with time
spent in poverty (Bigsten and Shimeles 2008). Analysis of a panel study of income
dynamics data in the United States reveals that the early to mid-1990s were
characterized by both high poverty rates as well as increasing fractions of people
transiting into and out of poverty, and that such transitions were more likely for
persons who experienced major shifts in household composition (McKernan and
Ratcliffe 2002). Studying panel data from 1999 and 2001 in Pakistan, Haq (2004)
found that while many households entered poverty, fewer households were able to
exit, and that school enrollment for children, especially girls, suffered on account of
poverty. Poverty was persistent for those who started out poor in the People’s Republic
of China between 1989 and 2006, and exit from poverty was found linked to

1See

https://data.worldbank.org/topic/poverty (accessed July 3, 2020).
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Figure 1.

Evolution of the Head Count Ratio in India, 1952–2012

Notes: The temporal evolution of poverty is represented using different measures of the poverty line: The
Lakdawala Committee’s nutritional norm (black), the World Bank’s $1.9 purchasing power parity (PPP) global
poverty line for the United Nations (UN) Sustainable Development Goals (SDGs) (dark gray), and the World
Bank’s $3.2 PPP poverty line (light gray). Poverty clearly shows a declining trend since the 1980s. The dotted
lines represent Head Count Ratio moving averages (2-period) over time.
Sources: Datt, Gaurav, and Martin Ravallion. 2009. “Has India’s Economic Growth Become More Pro-Poor in the
Wake of Economic Reforms?” World Bank Policy Research Working Paper 5103; World Bank. World Bank
Poverty Data. https://data.worldbank.org/topic/poverty (accessed July 3, 2020).

education, asset accumulation, migration, and health insurance (You 2011). Analysis
of panel data in Viet Nam reveals that vulnerability at the outset of the review period
translated into poverty over time and that it also perpetuated poverty; reducing
vulnerability would require identiﬁcation of sources and the creation of appropriate
safety nets (Imai, Gaiha, and Kang 2011).
There have also been empirical explorations of rural poverty dynamics in India
based on limited panel datasets. A panel study of 240 households between 1975 and
1984 found that severe crop shocks made even relatively afﬂuent rural households
vulnerable to lengthy poverty spells in semi-arid southern India (Gaiha and Imai
2004). A panel study of 5,886 rural households between 1999 and 2006 found a high
incidence of transient rural poverty to be inﬂuenced by the gender of the household
head as well as education and land ownership levels (Jha et al. 2012). In a study of
chronic poverty in rural India using the National Council of Applied Economic
Research panel data for 3,936 households conducted across three rounds in 1970,
1981, and 1998, it was found that among poor households, the chronically poor
comprised 43.3% from 1970 to 1981, which declined to 38.6% from 1981 to 1998
(Bhide and Mehta 2005).
As is apparent from this brief survey, most poverty dynamics work from around
the world relies on panel data available over short time periods, thus limiting the scope
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of the analysis and the applicability of ﬁndings. My objective here is to take the long
view on poverty dynamics for India. In the following section, I attempt to do this by
using a stochastic model to construct the Indian income distribution and explore the
evolution of aggregate national poverty (including both rural and urban poverty)
over 6 decades after independence. Sections III and IV explore the time evolution of
individual income paths and isolate the transitions into and out of poverty. These
dynamics are characterized probabilistically both in terms of transient short-term
transitions across the poverty line as well as long-term trends in the persistence of
poverty. Using these modeled probabilistic measures, I study temporal trends in the
direction and quantum of both transient and persistent poverty. Section V discusses the
results in the context of evidence on poverty alleviation from India. Section VI
concludes.

II.

Model Deﬁnition and Speciﬁcations

In previous work on modeling income inequality in India (Sahasranaman and
Jensen 2021), we used a stochastic model of GBM with reallocation (RGBM) to
explore the nature and extent of redistribution occurring within the income distribution
(Berman, Peters, and Adamou 2017). It has been shown using NSS consumption data
that the distribution of consumption expenditures for India reveals a lognormal body
with a power-law tail (Ghosh, Gangopadhyay, and Basu 2011; Chatterjee et al. 2016).
More generally, the evolution of income distributions across countries after the
industrial revolution has seen both mean income and income inequality, on average,
rising over time (Piketty 2014, Milanovic 2016). This makes the income evolution
process ideally suited for exploration using GBM, which generates a temporally
widening lognormal distribution. Berman, Peters, and Adamou (2017) used this as the
basis for the formulation of RGBM, which is a simple stochastic differential equation
with a reallocation parameter () that constructs the income distribution based on
multiplicative dynamics and also captures the transfer of resources within the
distribution. The change in income xi of individual i over time dt in the RGBM is
obtained as a result of income growth and income reallocation as described in this
stochastic differential equation (Berman, Peters, and Adamou 2017):
dxi ¼ xi (dt þ dWi )  (xi  hxiN ) ,
|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ} |ﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄ}
Growth

Reallocation

where: dWi  N(0, dt);

hxiN ¼

N
1 X
x:
N i¼1 i

ð1Þ
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The ﬁrst term of equation (1) captures the growth in income of individual i,
which contains growth due to systemic (dt) as well as idiosyncratic (dWi ) factors.
Systemic factors include elements like growth, economic environment, and
institutions, which impact all participants in the economy, while idiosyncratic factors
capture individual aspects such as effort and luck.  and  are parameters for drift and
volatility of the income distribution. The second term of equation (1) represents the
net reallocation of income from individual i and is meant to capture the extent of
redistribution inherent in the income distribution. Therefore, the incomes modeled
using RGBM are best envisaged as individual net incomes—that is, incomes net of
redistributive transfers.
If the reallocation parameter  is positive, as we would expect in modern
economies with progressive redistribution from rich to poor, then there is a net
reallocation from i if i’s income is greater than the mean income at the time, and a net
reallocation to i if i’s income is less than mean income. In this scenario, while incomes
disperse over time, they remain conﬁned around a rising mean, and the higher the
value of , the tighter the distribution is held around the mean. If  were negative, it
would imply a perverse reallocation from poor to rich, meaning that there would be a
net reallocation from i if i’s income is lower than average, and to i if its income were
above average. In a regime of prolonged negative , incomes diverge exponentially
away from the mean, leading to an economy of debtors and creditors.
In this work, I use the Indian income distribution data from Chancel and Piketty
(2019) to model poverty dynamics. To the best of my knowledge, the Chancel and
Piketty (2019) data are the ﬁrst consistent long-term time series (1922–2015) of the
income distribution for India. In constructing this time series, they acknowledge the
inherent data challenges, including issues of underreporting and undersampling in the
NSS data, and the use of consumption data from NSS surveys to estimate the income
distribution. To work around these constraints, they use both consumption data from
NSS surveys and income data from the ﬁrst two rounds of the India Human
Development Survey to construct income proﬁles. While the use of tax data provides a
robust basis to construct the top of the Indian income distribution, they concede the
greater uncertainties in estimating informal incomes lower in the distribution. To make
income estimates robust, they simulate over 50 scenarios of income distributions over
time, and out of these simulations, they choose a base-case income distribution time
series, which is found robust to a range of assumptions relating to the data challenges
outlined here.
In previous work (Sahasranaman and Jensen 2021), we have used the RGBM
model to systematically attempt and reconstruct the bottom half of the income
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distribution from 1951 to 2015, based on inequality metrics generated from Chancel
and Piketty’s (2019) data. And it is this distribution constructed using RGBM that I
use to study the dynamics of poverty now.
To implement the RGBM model, Sahasranaman and Jensen (2021) ﬁrst
estimated the drift of the income distribution (). The evolution of mean per capita
income can be modeled as an exponential ﬁt of the form:
hx(t)iN ¼ hx(t0 )iN e (tt0 ) ,

ð2Þ

where hx(t)iN is the mean per capita at any given time t, hx(t0 )iN is the mean per capita
income at beginning time t0 , and  is the drift parameter of this income distribution.
Using equation (2) to ﬁt the mean per capita income time series data for India from
t0 ¼ 1947 to 2017 provided by Chancel and Piketty (2019), we estimate the drift of the
income distribution to be  ¼ 0:0231.
Second, Sahasranaman and Jensen (2021) attempted to estimate the volatility of
the income distribution (). In the absence of time series data of requisite granularity
on income, we used short-term time series of wages (2013–2019) of monthly
granularity for a few professions like construction, harvesting and threshing,
ploughing and tilling, animal husbandry, horticulture, and handicrafts. We also used
potential proxies such as wholesale prices of staple crops and essential commodities,
which are closely related to the economies of the substantial informal workforce in
India; these include wheat, rice, and gur (or jaggery) for which longer time series of
weekly data are available (1993–2012). Finally, given that gold is a prevalent asset in
portfolios of Indian households (Prasad et al. 2014), we also estimated  using gold
prices (1979–2019). For each of these time series, we estimated annualized  as the
standard deviation of weekly (for crop, commodity, and gold price data) or monthly
pﬃﬃﬃﬃﬃ
(for rural wage data) logarithmic changes of the prices and wages, multiplied by 52
pﬃﬃﬃﬃﬃ
for weekly data or 12 for monthly resolution of data. Averaging these annualized 
values over all the years in the analysis gave us a consolidated  for each dataset.
Based on the  obtained for each dataset of crops, commodities, and wages, which
range between 0:03    0:17, we chose  ¼ 0:15 as our base case estimate for
analysis. We also simulated dynamics for  ¼ 0:10 and  ¼ 0:20 to explore the
robustness of results to the choice of .
Finally, we used income inequality time series from Chancel and Piketty (2019),
which provided data on the fraction of income earned by the bottom 50% (S50% ) of the
population between 1952 and 2015, to ﬁt the RGBM model as follows: for t ¼ 0, we
simulated an initial set of N ¼ 100,000 lognormally distributed incomes by varying 
and  such that the cumulative income of the bottom half of the simulated population
matched the observed value from the Chancel and Piketty (2019) data (S50% (t0 )). Once
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incomes were initialized in this manner, we propagated the dynamics for each of the N
individuals based on equation (1) (using  ¼ 0:231,  ¼ 0:15), such that the value of
the reallocation parameter (t), at any given t, was obtained by minimizing the
absolute distance between the simulated income of the bottom half of the distribution
at time t and the actual income of the bottom half at t (S50% (t)). This step was repeated
for the requisite number of time periods to construct the rescaled income distribution
for India from 1951 to 2015.
There is evidence of power-law tails for income distributions across the world,
including India (Banerjee, Yakovenko, and Di Matteo 2006; Drăgulescu and
Yakovenko 2001; Clementi and Gallegati 2005; Souma 2001; Chatterjee et al.
2016; Ghosh, Gangopadhyay, and Basu 2011), and even though the RGBM produces
a widening lognormal distribution over time, it is likely to underestimate top incomes
in the distribution. However, using the income share of the bottom half of the
population, S50% (t), as the basis to ﬁt equation (1) ensures that our model is consistent
for the bottom half of the income distribution, which is my focus in this work.
The resultant time series of (t) is depicted in Figure 2a (thin black solid line),
though it could be argued that there is too much year-on-year variation in  and that
actual changes in reallocation are likely to be less abrupt. To adjust for this, we
computed an effective reallocation rate ~(t) as the moving average of the reallocation
rate  over the last 5 periods (t through t  4) (Figure 2a, dotted black line). We also
presented the temporal evolution of ~(t) for  ¼ 0:10 (Figure 2a, dotted dark gray
line) and  ¼ 0:20 (Figure 2a, dotted light gray line), which suggest that the nature of
dynamics in these scenarios is similar to those in the base case. We veriﬁed that the
effective reallocation rate was representative of the underlying dynamics by
propagating the RGBM model using a time series of ~(t) and found that the resultant
income shares of the bottom half of the population closely matched the empirically
observed values S50% (t) (Figure 2b).
Figure 2a plots both the reallocation and effective reallocation rates for the
Indian income distribution from 1951 to 2015, clearly illustrating that, while
redistribution in the Indian income distribution was largely progressive (positive )
over time, it entered a persistently regressive regime (negative ) starting in the early
2000s, where resources were perversely being redistributed from the poor to rich. In
Sahasranaman and Jensen (2021), our focus was on the evolution of the effective
reallocation rate and the implications of this signiﬁcant regime reversal for inequality
in India.
In this work, I propose to take the effective reallocation rate ~(t) and the
corresponding income distributions generated by the RGBM model from 1951 to 2015
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Temporal Evolution of Reallocation and Inequality, 1951–2015
(b)

Notes: Figure 2a: Evolution of reallocation rates — (t) and ~(t). Thin black solid line: reallocation rate () over
time. (t) is largely positive until 2001 and becomes negative from 2002 to 2012, before becoming slightly
positive afterwards. Dotted black line: effective reallocation rate (~
 ) over time. ~(t) is positive from 1951 to 2004,
and then becomes negative from 2005. Dotted dark gray line: effective reallocation rate (~
 ) for  ¼ 0:10. Dotted
light gray line: effective reallocation rate (~
 ) for  ¼ 0:20. Figure 2b: Evolution of income share of bottom half of
population. Black line: actual S50% (t) data based on Chancel and Piketty (2019). Gray line: Modeled inequality
obtained by ﬁtting the effective reallocation rate time series ~(t). Modeled inequality shows close correspondence
with actual data.
Source: Sahasranaman, Anand, and Henrik Jeldtoft Jensen. 2021. “Dynamics of Reallocation within India’s
Income Distribution.” Indian Economic Review 3 (1): 1–23.

as inputs for exploring the dynamics of poverty in India. Speciﬁcally, I am interested
in measuring transitions into and out of poverty, as well as persistence of poverty over
time.
As a ﬁrst step, I identify the poverty line of the rescaled income distributions at
each period (year), t. The longest consistently available time series for aggregate
poverty (rural and urban) in India is the Datt–Ravallion HCR data on poverty between
1952 and 2006 (Figure 1, black) (Datt and Ravallion 2009). However, there are
12 years of missing data (in six distinct blocks) in this period, and these missing data
points are computed by assuming linear annual change, thus producing a full 55-year
time series on poverty. This is a reasonable approximation because changes in poverty
tend to be gradual over short time scales. With this HCR dataset for 1952–2006,
I construct the poverty line time series in the rescaled income distribution generated
using the RGBM model by ﬁnding the appropriate point in the income distribution
corresponding to the HCR for each year. For instance, if the HCR for a given year t is
y%, then the income at the y% population point in the ordered income distribution at
time t is the poverty line for that year. Once the poverty line time series is thus
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constructed, I ﬁrst explore the notion of transient poverty or annual transitions of
individual incomes into and out of poverty.
The probability of transitioning out of poverty at time t, pout (t), is
pout (t) ¼

NPNP (t)
,
NP (t  1)

ð3Þ

where NPNP (t) is the number of individual transitions from below the poverty line at
t  1 to at or above the poverty line at t, and NP (t  1) is the total number of
individuals below the poverty line at t  1.
Symmetrically, the probability of annual transitions into poverty, pin (t), is
pin (t) ¼

NNPP (t)
,
NNP (t  1)

ð4Þ

where NNPP (t) is the number of individual transitions from at or above the poverty
line at t  1 to below the poverty line at t, and NNP (t  1) is the total number of
individuals at or above the poverty line at t  1.
pin (t) and pout (t) are measures of annual transitions into and out of poverty over
time and the time series of these probabilities help us understand the evolution of
annual poverty transitions. I also use a composite measure of transition, ptx (t), which is
the probability of a transition (up or down) across the poverty line over one period and
is deﬁned as
ptx (t) ¼

NNPP (t) þ NPNP (t)
:
NP (t  1) þ NNP (t  1)

ð5Þ

A second set of metrics relate to the persistence of poverty, which estimates the
difﬁculty in climbing out of poverty over longer time periods. I am interested in both
stickiness to and escape from spells (or durations) of poverty (dpov ), where dpov is at
least tp years long, that is, dpov  tp . First, the escape probability pesc (t, tp ) is the
conditional probability that an individual has been poor for dpov  tp time periods at
time t  1, given that the individual is nonpoor at the current time t:
P(dpov  tp \ nonpoor at t)
P(nonpoor at t)
NPNP (t, dpov  tp )
¼
,
NNP (t)

pesc (t, tp ) ¼ P(dpov  tp j nonpoor at t) ¼

(6)

where NPNP (t, dpov  tp ) is the number of individual transitions from below the
poverty line at t  1 to at or above the poverty line at t, such that the duration of
poverty at t  1 is dpov  tp , and NNP (t) is the number of individuals who are nonpoor
at time t. For the analysis, I vary tp : 1  tp  10. Therefore, pesc (t) is a measure of
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the persistence of poverty, quantifying the difﬁculty of escaping poverty, given that
individuals have been in a state of poverty for a length of time (dpov  tp ).
A second metric for poverty persistence is the stickiness probability, pstic (t, tp ),
which is the likelihood that the individual has been in a spell of poverty for a duration
dpov  tp at time t  1, given that the individual is in poverty at time t:
P(dpov  tp \ poor at t)
P(poor at t)
NPP (t, dpov  tp )
¼
,
NP (t)

pstic (t, tp ) ¼ P(dpov  tp j poor at t) ¼

(7)

where NPP (t, dpov  tp ) is the number of individuals below the poverty line at t  1
who remained below the poverty line at t, such that the duration of poverty at t  1 is
dpov  tp , and NP (t) is the number of individuals who are poor at time t.
Studying the evolution of pesc and pstic over the period of the dynamics from
1951 to 2006 therefore gives a sense of how India’s economic trajectory has impacted
the persistence of poverty over time.

III. Dynamics of Poverty Transitions and Poverty Persistence
Using equations (3) and (4) to compute pin (t) and pout (t), I ﬁnd that transition
across the poverty line is not uncommon through the entire duration of the dynamics,
though there are signiﬁcant ﬂuctuations in the probabilities of transition in the early
and latter part of the dynamics (Figure 3a). Until 1974, there are ﬂuctuations in annual
transition probabilities both into and out of poverty; between 1974 and 1988 both
probabilities remain stable over time; and after 1988, the transition probabilities again
show much higher year-on-year ﬂuctuations. To explore these regimes of behavior, let
us juxtapose the evolution of transition probabilities with the evolution of the HCR
measure over time. As Figure 3a illustrates, the HCR itself shows ﬂuctuating behavior,
rising and falling, in the time periods 1952–1974 and 1988–2006; these ﬂuctuations in
the HCR mirror the ﬂuctuations in transition probabilities, with short bursts of rising
HCR reﬂected in rising transitions into poverty pin (t) and falling pout (t), and bursts of
declining HCR in falling pin (t) and rising pout (t). Between 1974 and 1988, when we
observe a monotonic decline in HCR, pout (t) remains consistently higher than pin (t)
through this entire duration (Figure 3a).
There is also strong evidence for a temporal trend in the evolution of transition
probabilities over the decades, with two particular aspects standing out (Figure 3b).
First, the average annual transitions into poverty, pin (t), declines over the decades from
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Figure 3.
(a)

Temporal Evolution of Poverty Transitions, 1952–2006
(b)

Notes: Figure 3a: Evolution of pin (t) (light gray), pout (t) (dark gray), and ptx (t) (black). These trajectories reveal
that poverty transitions are common, and that overall transitions across the poverty line remain consistent over
time. It also appears that transitions out of poverty outnumber transitions into poverty since the 1980s. The
evolution of the Head Count Ratio (HCR) (dotted black) offers a concurrent picture of static poverty. Figure 3b:
Decadal evolution of average annual pin (t) (light gray), pout (t) (dark gray), and ptx (t) (black). On average,
probability of transitioning out of poverty increases over time, while that of falling into poverty declines over
time.
Source: Author’s calculations.

7.8% in 1957–1966 to 3.9% in 1997–2006. At the same time, average annual
transitions out of poverty increased from 6.1% in 1957–1966 to 14.1% in 1997–2006.
Second, while, on average, pin (t) was greater than pout (t) for the ﬁrst 3 decades after
independence, this trend reversed in the late 1970s, with transitions out of poverty
consistently higher (and growing) than transitions into poverty (Figure 3b). Even as
the overall transition probability (all transitions into and out of poverty) remains
remarkably consistent over the decades (Figure 3b), the trends in pin (t) and pout (t)
indicate that escape from poverty has become a more robust phenomenon over time
and is reﬂective of the declining HCRs since the late 1970s. Prevailing economic
conditions at the turn of the century have enabled a greater fraction of individuals to
escape poverty, and also correspondingly reduced transitions into poverty. However, it
is important to remember that as HCR has been declining and the population of the
nonpoor increasing, the fact that (in the most recent decade) about 4% of individuals
above the poverty line continued to annually fall into poverty is indicative of
substantial fragility of incomes around the poverty line.
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With this understanding of the transient transitions into and out of poverty, I turn
to a discussion of the persistence of poverty as revealed by my model. Considering the
entire period from 1952 to 2006, poverty is found to be very sticky and hard to escape.
My model reveals that the stickiness probability that an individual was poor for at least
the last year, given that she is poor in the current year is, pstic (t, 1) ¼ P(dpov  1 at
t  1 j poor at t) ¼ 0:92 (Figure 4a). In fact, current poverty appears to be a strong
indicator of long-term poverty, with pstic (t, 5) ¼ 0:7 and pstic (t, 10) ¼ 0:53, meaning
that given current poverty, there is a probability of 0.7 that the individual has been
poor for at least the last 5 years, and a probability of 0.53 that the individual has been
poor for at least the last 10 years (Figure 4a).
Similarly, looking at escape probability from poverty from 1952 to 2006, the
probability of an individual being poor for at least the year before, given that she is
nonpoor now, is pest (t, 1) ¼ P(dpov  1 at t  1 j nonpoor at t) ¼ 0:07, meaning that
the likelihood that an individual was nonpoor the previous year, given that she is
nonpoor in the current year, is 93% (Figure 4b). Both poverty and nonpoverty,
therefore, appear to be sticky states for large proportions of individuals, though as seen
earlier, there are nontrivial annual transition probabilities from one state to the other
for individuals close to the poverty line.
While this analysis suggests signiﬁcant persistence in poverty, it is useful to
study the temporal change in persistence probabilities over the 55 years of study. This
is accomplished by a decadal analysis of pstic and pesc (1962–1971, 1972–1981, 1982–
1991, 1992–2001, and 2002–2006; I leave out the decade 1952–1961 because there
are few transitions to consider for higher tp values). There appears to be a declining
temporal trend in the probability that an individual has been poor for at least tp years
given that she is poor in the current year, across all values of tp , implying that current
poverty is a somewhat poorer predictor of long-term poverty in more recent times
(Figure 4c). For instance, pstic (19721981, 10) ¼ 0:7 and pstic (20022006, 10) ¼
0:61, meaning that the probability that an individual has been poor for 10 years or
more, given that he is poor in the current year, has declined from 0.7 in the 1970s to
0.61 in the 2000s (Figure 4c). Similar declines are apparent for other tp as well:
pstic (19721981, 5) ¼ 0:81 and pstic (20022006, 5) ¼ 0:69. These ﬁndings on
reduced persistence of poverty over time are broadly consistent with the empirically
observed trends by Bhide and Mehta (2005) for rural India between 1970 and 1998,
where they found that the share of chronically poor among the poor population
declined from 43.3% for 1970–1981 to 38.6% for 1981–1998.
Despite the decline in stickiness probabilities apparent across all tp over time, it is
important to point out that current poverty remains a signiﬁcant predictor of long-term
poverty; escape probabilities have also shown declines across tp and over time,
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Figure 4.

Persistence of Poverty

(a)

(b)

(c)

(d)

Notes: Figure 4a: pstic (19522006, tp ) shows that poverty remains a very sticky process, with long-term path
dependence. Figure 4b: pesc (19522006, tp ) reveals that path dependence also holds for individuals above the
poverty line. While stickiness to states of poverty or nonpoverty is apparent, it is also true that transitions occur
across states and are an important part of the poverty dynamics. Figure 4c: Temporal (decadal) evolution of
pstic (t, tp ) shows that there is a steady decline in the probability that an individual has been poor for at least tp
years, given that the individual is poor in the current year, across all tp . Figure 4d: Temporal (decadal) evolution
of pesc (t, tp ) shows that there is a gradual decline in the probability that an individual has been poor for at least tp
years, given that the individual is nonpoor in the current year, across all tp . Overall, long-term spells of poverty
(or being out of poverty) appear to perpetuate themselves.
Source: Author’s calculations.

meaning that given an individual is nonpoor in the current year, the probability that she
has been poor for at least tp years before falls over time. This indicates that, over time,
being nonpoor in the present time is a consistently better predictor of being nonpoor in
the past: pesc (19621971, 1) ¼ 0:08 and pesc (20022006, 1) ¼ 0:05 (Figure 4d).
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IV. Poverty Lines and Impact on Dynamics
We now turn our attention to the impact of the deﬁnition of the poverty line on
the emergent dynamics of transient and persistent poverty. Figure 1 portrays the HCR
for India using different measures of the poverty line. In the present analysis, the
RGBM model has been ﬁt to Datt and Ravallion’s (2009) HCR measures
corresponding to the Lakdawala Committee’s deﬁnition of the poverty line (Expert
Group on Estimation of Proportion and Number of Poor 1993). I now ﬁt the model
with the World Bank Poverty Data between 1978 and 2012, for poverty lines of $1.9
PPP and $3.2 PPP. For years with missing data in the World Bank poverty time series,
linear annual change is assumed to produce the complete time series 1978–2012. As is
apparent from Figure 1, the poverty line deﬁnition as per the Lakdawala Committee is
lower than the World Bank’s $1.9 PPP measure, and the World Bank’s $3.2 PPP is the
highest among the three poverty lines.
Figure 5a illustrates the evolution of transition probabilities for the different
poverty lines chosen. Two stylized facts emerge from the temporal evolution of
poverty transitions. First, the higher we go in the income distribution (with different
poverty line deﬁnitions), transient movements into and out of poverty become scarcer,
meaning that increments in poverty line result in poverty becoming more of an
absorbing state. The base case (Lakdawala Committee) poverty line reﬂects both
higher absolute levels and the most ﬂuctuations in transition probabilities, pin (t) and
pout (t), over time. The temporal evolution of overall transition probability, ptx (t), under
the base case poverty line, which represented India’s national poverty line until
recently, largely dominates the transition probabilities under the World Bank poverty
lines all through the time frame under analysis, except toward the end of the time
frame when there appears to be overlap with the time evolution of the ptx (t) under the
$1.9 PPP poverty line (Figure 5a). The World Bank’s $3.2 PPP poverty line represents
the lowest ptx (t) over time, but even in this case, it appears to be converging toward the
ptx (t) of the $1.9 PPP poverty line over time. For instance, values for ptx (19781979)
under the three poverty lines (base case, World Bank $1.9 PPP, and World Bank $3.2
PPP) are 0.07, 0.06, and 0.03, respectively, and the corresponding values for ptx (200
52006) are 0.08, 0.06, and 0.04 (Figure 5a).
The second stylized fact from the temporal evolution of transitions is that since
1980, while the lower poverty lines (Lakdawala Committee and $1.9 PPP) show
greater probability of moving out of poverty than into it (pout (t) > pin (t)) over time, the
higher poverty line ($3.2) shows the opposite trend until 2010 with the transition
probabilities of movement into poverty being greater than the probability of escaping
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Figure 5.

Temporal Evolution of Poverty Transitions, Income Paths,
and Below-Poverty-Line Gini

(a)

(b)

(c)

BPL = below poverty line, PL = poverty line, PPP = purchasing power parity.
Notes: Figure 5a: Evolution of pin (t), pout (t) over time under the Head Count Ratio measures of Lakdawala
Committee (envelope with pin (t) and pout (t) in dashed light gray), World Bank $1.9 PPP (envelope with pin (t) and
pout (t) in dashed black), and World Bank $3.2 PPP (envelope with pin (t) and pout (t) in dashed dark gray); and
evolution of ptx (t) for Lakdawala Committee poverty line (solid light gray line), World Bank $1.9 PPP (solid black
line), and World Bank $3.2 PPP (solid dark gray line) poverty lines. Poverty transitions are, over time, generally
higher and show greater variability under lower poverty lines. Figure 5b: Evolution of an ensemble of selected
income paths (gray: beginning below poverty line in 1952; black: beginning above poverty line in 1952) from
1952 to 2006 to illustrate the inherent fragility of incomes around the poverty line (thick dashed black line).
Figure 5c: Evolution of income inequality of the population below the poverty line (BPL) as measured by the
Gini coefﬁcient. Lakdawala Committee poverty line (black line), World Bank $1.9 PPP (light gray line), and
World Bank $3.2 PPP (dark gray line). Inequality levels are higher for BPL populations under higher poverty
lines.
Source: Author’s calculations.
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poverty ( pout (t) < pin (t)) (Figure 5a). The vulnerability of populations at and around
the poverty line (especially the lower poverty lines), and their risk of cycling through
poverty without being able to resiliently escape its effects, is illustrated in Figure 5b by
an ensemble of income paths produced by the model, beginning just above and below
the Lakdawala Committee poverty line in 1952.
The persistence of poverty also becomes more severe with higher poverty lines,
which is essentially indicative of the fact that a past in poverty is progressively more
predictive of a future in poverty, the higher the poverty line is within the distribution. For
instance, the probability that an individual has been poor for at least 5 years, given that
they are poor in the current year, is pstic (20022006, 5) ¼ 0:69 for the Lakdawala
poverty line, while it is pstic (19982007, 5) ¼ 0:79 for the World Bank $1.9 PPP
poverty line and pstic (19982007, 5) ¼ 0:93 for the World Bank $3.2 PPP poverty line.
Finally, I explore the evolution of income inequality within the poor
population—the population below poverty line (BPL)—to estimate the nature of
distributional change in this vulnerable part of the distribution. The Gini coefﬁcient is
found to be higher for higher poverty lines, and the evolution of the Gini coefﬁcient
over time maintains this relative ordering (Figure 5c). While the Gini coefﬁcient for
the BPL population under the Lakdawala poverty line shows, on average, a declining
trend over time, it shows initial declines followed by substantial increases after 2001–
2002 for the World Bank poverty lines. For instance, in 1978, the Gini coefﬁcients for
the incomes of the BPL population under the three poverty lines (base case, World
Bank $1.9 PPP, and World Bank $3.2 PPP) were 0.18, 0.2, and 0.29, respectively. By
2000, BPL inequality had decreased across all poverty lines (BPL Gini of 0.15, 0.18,
and 0.27, respectively); however, while the BPL Gini coefﬁcient under the Lakdawala
poverty line was 0.16 in 2006, it had returned to its high 1978 levels for the World
Bank poverty lines by 2012 at 0.21 and 0.29, respectively. This indicates that the
income distributions under higher poverty lines reﬂect the divergence of the higherend of poor incomes away from those at the very bottom of the distribution. These
trends are of particular concern, as they potentially reﬂect the sustained povertization
of the poorest of the poor—the bottom decile and bottom percentile. This is supported
by our previous results on sustained real income losses at the bottom of the Indian
income distribution since 2000 (Sahasranaman and Jensen 2021).

V.

Discussion

Our model suggests that transitions into and out of poverty are common through
the entire review period from 1952 to 2006, albeit with signiﬁcant variations over
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time, and the limited empirical ﬁndings on transient poverty appear to be in broad
concurrence with these ﬁndings. There is, for instance, a recognition that escaping
from poverty in India is a fragile process, and many studies have examined the
phenomenon of households transitioning into poverty as a consequence of multiple
factors such as health shocks, agricultural productivity shocks, and social expenses
(Flores et al. 2008, Mohanty et al. 2017, Selvaraj and Karan 2009, Shahrawat and Rao
2012, Keane and Thakur 2018, Naik 2009, Brey and Hertweck 2019, Krishna 2006,
Krishna et al. 2005). Out-of-pocket expenses on health are identiﬁed as one of the
most signiﬁcant reasons for households slipping into poverty (Krishna 2006), with
estimates that the additional population pulled into poverty due to such expenses
increased from about 26 million during 1993–1994 to about 39 million during 2004–
2005 (Selvaraj and Karan 2009). This increase in the number of individuals falling into
poverty is found to be largely drawn from those just above the poverty line; the poorest
quintile in the above-poverty-line population experienced a poverty headcount
increase of 17.5% (Shahrawat and Rao 2012). Indeed, it is estimated that if out-ofpocket expenditure were not considered consumption and included as necessary
expenditure, it would have pushed 50 million people below the poverty line during
2011–2012 (Keane and Thakur 2018). Even those households that are able to cope
using mechanisms such as debt to tide over short-term health shocks face signiﬁcant
long-term poverty risks on account of servicing the high-cost debt and depleted stocks
of wealth to weather future shocks (Flores et al. 2008). The multidimensionally poor in
poorer regions are also found more likely to face catastrophic health shocks and, by
deﬁnition, least able to afford health services (Mohanty et al. 2017).
Given rural India’s dependence on the annual monsoons for crop harvests, it has
been found that the occurrence of droughts is associated with transitions into poverty,
especially in places where failure of rainfall is compounded by irrigation failure as well
(Krishna 2006). In the event of severe crop shocks, even richer rural households are
vulnerable to spells of poverty (Gaiha and Imai 2004). Regional droughts are found to
have important distributional consequences in the medium run, with the decline in the
real incomes of agricultural workers making them vulnerable to poverty (Brey and
Hertweck 2019). In addition to risks associated with health and weather shocks,
expenditures on social functions, weddings, and funerals are also observed to push
individuals and households into poverty (Krishna 2006). These ﬁndings suggest that
transient poverty is a signiﬁcant economic phenomenon driven by speciﬁc event risks
related to health and weather, as well as predictable but unplanned social expenditure.
Evidence on persistent poverty suggests that structural factors such as social
group, land ownership, infrastructure, market access, and informal debt are drivers of
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this phenomenon (Mehta and Shah 2003, Flores et al. 2008, Bhide and Mehta 2005,
Deshingkar 2010). Individuals in socially marginalized communities, such as
Scheduled Caste and especially Scheduled Tribe populations, are found to be
disproportionately represented in the chronic poor (Bhide and Mehta 2005, Mehta and
Shah 2003).2 Land is the only private asset, in addition to local public infrastructure,
that is found signiﬁcantly correlated with poverty persistence (Bhide and Mehta 2005,
Mehta and Shah 2003). The rise of household debt to tide over health emergencies or
social functions—especially from informal, high-cost sources—is a source of longterm risk that could be keeping households poor over prolonged periods of time
(Flores et al. 2008, Krishna 2006).
An understanding of poverty based simply on static metrics like the HCR gives
us no insight into the nature and extent of poverty dynamics that we have seen. Our
model outcomes highlight the fact that both transient and persistent poverty are
nontrivial aspects of emergent dynamics that occur over differing time scales, and
therefore possibly demand distinct strategies to combat their impacts.
Given the importance of single event impacts on causing transient poverty, and
our ability to categorize these primarily as health and weather risks, there is a need for
effective risk management tools to counter them. The poverty impacts of completely
predictable social expenditures (e.g., functions, weddings), on the other hand, require
ﬁnancial planning and saving tools. Essentially, these solutions call attention to the
need for access to functioning ﬁnancial markets that enable low-cost, efﬁcient, and
scalable insurance, investment, and savings solutions.
Addressing the causes of persistent poverty will, however, require active state
intervention. Issues of land, infrastructure, and market access require a combination of
long-term legislative action and administrative implementation to be meaningfully
addressed over time.

VI. Conclusion
I model the long-term dynamics of poverty in India using a simple stochastic
model, RGBM. Using income inequality data to ﬁt the model, we study trends in both
transient and persistent poverty for the period 1952–2006.
2Scheduled Castes are communities within the framework of the caste system who have historically
faced deprivation, oppression, and isolation. Scheduled Tribes are communities that have been historically
distinguished by geographic isolation and socioeconomic neglect. These categories are recognized by the
Constitution of India, which incorporates a number of safeguards for the protection of the rights of these
communities.

232 ASIAN DEVELOPMENT REVIEW

I ﬁnd that both transient and persistent poverty are signiﬁcant emergent
phenomena of India’s poverty dynamics. The transition probability of individuals
moving into and out of poverty annually shows signiﬁcant ﬂuctuation over time but is
primarily driven by higher fractions of individuals moving out of poverty and fewer
transitions into poverty over time. While this is a desirable outcome, it is important to
recognize that incomes around the poverty line remain fragile, with recent trends
revealing that close to 4% of individuals slip into poverty annually.
Studying the persistence of poverty, we ﬁnd that over time, the likelihood of an
individual having been poor for a long duration, given that they are poor at present,
has been declining. Even as persistence is declining, this decline has been slow, and
the persistence of poverty remains signiﬁcant. For instance, the likelihood that an
individual was poor for 10 years, given that he or she is currently poor, declined from
0.7 in 1972–1981 to 0.61 in 2002–2006, undoubtedly indicating progress but also
highlighting that current poverty remains a reliable predictor of long-term past poverty.
I also explore the impact of the deﬁnition of the poverty line on poverty
dynamics and ﬁnd that transient poverty becomes less pronounced as the poverty line
is increased; correspondingly, the persistence of poverty also appears to increase.
The distinct dynamics of transient and persistent poverty also potentially require
disparate strategies to counter them. Transitions into poverty appear to be driven by
event shocks due to health or weather-related risks; the availability of well-functioning
ﬁnancial markets for insurance and savings will be essential to the mitigation of these
risks. Countering the systemic causes of persistent poverty such as land, infrastructure,
and market access, on the other hand, requires concerted, long-term action by the state.
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I.

Introduction

Real-time assessment of the state of the economy is a prerequisite for taking
appropriate policy measures. The effectiveness of policy making depends on how well
it uses all information available at any given time. Moreover, making use of the current
ﬂow of information is an essential ingredient in formulating a forward-looking policy.
Today, in a dynamic environment, data-driven policy making is considered both
practical and desirable. This is all the more important because of signiﬁcant lags in
ofﬁcial data releases of key macroeconomic variables such as gross domestic product
(GDP). Emerging market economies face serious problems of data lags, gaps, and
revisions which hamstring optimal policy decisions.
A core concern in policy making is identifying signs of expansions and
contractions in economic activity. At any point, diverse economic indicators may
indicate varied trends in activity. Therefore, combining all of these indicators together
in an appropriate way to arrive at the underlying (or unobserved) trend has
traditionally occupied the attention of both governments and businesses. Traditionally,
a lot of work has been done in the United States by the National Bureau of Economic
Research and the Department of Commerce to identify business cycles using multiple
indicators. Their analysis has often relied on prior beliefs and judgment. Academic
research has contributed to this effort by making the analysis more formal and
mathematically precise (Stock and Watson 1989). At present, the research on
identifying business cycles displays a mix of sound conceptual framework and careful
inference.
There exists a two-pronged challenge in assessing the underlying state of the
economy using high-frequency indicators. The ﬁrst challenge is the choice of
appropriate indicators from a large set of potential indicators. The second challenge is
associated with signal extraction from the chosen indicators, a challenge that arises
because individual indicators may reﬂect short-term idiosyncrasies rather than an
underlying general trend. Researchers look at a variety of indicators relating to
different aspects of the economy—production, income, sales, and employment—
together to assess the underlying state of the economy. The consensus trend emanating
from all these indicators suggests recessions or expansions (or equivalently slowdowns
or accelerations) in economic activity. The dynamic factor model (DFM) used in this
study tries to address the challenge of signal extraction by identifying the general (or
common) trend underlying several activity indicators.
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To address the ﬁrst challenge of identifying appropriate indicators, our approach is
to weigh indicators based on the information they contain on the dynamics of GDP. We
identify a pool of relevant indicators based on (i) contemporaneous correlations
between indicators and GDP and (ii) explanatory power of the indicators around GDP
turning points. Based on these two criteria, we choose a set of 12 indicators, which
includes industrial production indices for consumer goods and core sectors, automobile
sales, non-oil nongold imports, exports, rail freight, air cargo, foreign tourist inﬂows,
government tax receipts, the Sensex index, nominal effective exchange rate (NEER),
and bank credit. Despite following an independent variable selection approach, our
choice of indicators is similar to, but not exactly the same as, Stock and Watson (1989),
which uses an index of industrial production, real personal income, real manufacturing
and trade sales, and employee hours in nonagricultural establishments. One reason for
deviating from Stock and Watson is that in emerging markets such as India, indicators
on employment and income are difﬁcult to obtain at high frequency. Therefore,
researchers have used suitable proxies. The second reason for deviating from Stock and
Watson is due to the unavailability of such indicators over a long period. On the whole,
our choice of indicators to construct three Coincident Economic Indicators for India
(CEII) represents real, external, and ﬁnancial sectors, which are used to extract the
common underlying trend using a single-index dynamic factor model. We call the
estimated indices CEII-6, CEII-9, and CEII-12 based on a sequentially expanding list of
6, 9, and 12 high-frequency indicators, respectively.
Given the lags in the release of ofﬁcial GDP, the estimated CEIIs are used to
produce the current quarter nowcast of GDP. Broadly, the nowcast exercise is an
extension of the bridge-type regressions that relate GDP to quarterly aggregates of
relevant economic indicators. However, we rely on a parsimonious autoregressive
(AR) model of GDP growth augmented by monthly CEII year-on-year (Y-o-Y) series
to nowcast current quarter GDP. While tracking actual GDP dynamics closely in the
sample, our modeling approach also shows considerable gains in terms of out-ofsample performance.
The rest of the paper is organized as follows. Section II provides a
comprehensive review of the literature on high-frequency indicators and nowcasting,
including cross-country studies as well as literature speciﬁc to India. Section III brieﬂy
describes the data used for constructing CEIIs. Section IV presents the methodology
and empirical results on indicator selection, estimation of a dynamic factor model,
nowcasting GDP, and performance evaluation of our models. Our concluding remarks
are in section V. Appendices 1 and 2 provide technical details.
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II.

Literature

Nowcasting involves an exercise of predicting the present, the very near future,
and the very recent past, which makes nowcasting more effective in short-horizon
forecasting (Bańbura, Giannone, and Reichlin 2010). A set of high-frequency
indicators is commonly used in GDP nowcasting exercises. Perhaps, the ﬁrst use of
such indicators can be found in Burns and Mitchell (1946), which popularized the
study of business cycles and eventually led to the creation of a composite index of
coincident indicators. The methodology has gradually been reﬁned over time. A
breakthrough came in Stock and Watson’s (1989) seminal work in estimating a singleindex dynamic factor model. More recently, Giannone, Reichlin, and Small (2008)
pioneered the use of DFM based on a large number of high-frequency indicators and
found that their model-based nowcasts outperformed standard univariate models such
as random walk and AR models. Generally, a wide variety of high-frequency
indicators are actively monitored in gauging the health of an economy. The indicators
used are in sync with the current economic cycle and primarily represent six blocks,
which include (i) industry and construction, (ii) personal income and consumption,
(iii) payroll employment, (iv) services, (v) external sector, and (vi) prices. These
indicators are chosen not only because of their mere correlation with GDP but also
because they contain timely information about the target variable.
Depending on countries and sample periods, various researchers have also
included miscellaneous economic activity indicators (e.g., air cargo, rail freight, port
trafﬁc, and uncertainty or volatility indices). Although most of the ﬁnancial sector
variables (e.g., money supply, currency with public, credit, equity indices, and bond
indices) are generally classiﬁed as leading indicators, some studies have incorporated
them in GDP nowcasting and documented improvement in their nowcasting
performances (Tables A1 and A2 of Appendix 1 provide details on indicators used
in the literature). Some researchers have also included ﬁnancial condition indices
(a linear combination of risk spread, asset returns, and volatility) to model the risk
to output growth 1 year into the future (IMF 2017).
A.

Cross-Country Nowcasting Models

Modern macroeconomic literature emphasizes the role of forward-looking
assessments of growth and inﬂation by central banks in policy formulation. Globally,
central banks and their monetary policy committees rely on high-frequency economic
indicators for an assessment of the current state of the economy. For instance, the Bank
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of England’s monetary policy committee uses a model-based nowcast. Similarly, the
Federal Reserve Bank of Atlanta1 and the Federal Reserve Bank of New York2
routinely publish their own model-based nowcasts. The European Central Bank3 also
consults a DFM-based nowcasting model. Other central banks such as the Norges
Bank4 use nowcasting models of GDP for their policy decisions.
Outside the ambit of central banks, several country-speciﬁc GDP nowcasts have
evolved over time. Among the advanced economies, Kumar (2013) constructed a
high-frequency real activity indicator that tracked economic activity in Canada
reasonably well. The indicator is obtained as an unobserved common factor capturing
the comovements in real macroeconomic variables. Similarly, Chikamatsu et al. (2018)
produced nowcasts of quarterly GDP estimates for Japan by adopting a bridgeequation approach. The bridge equation links the low-frequency target variable with
the high-frequency indicators. Table A1 of Appendix 1 provides an exhaustive list of
variables used by the authors.
While DFM-based nowcasting models have been adopted for a long time across
advanced economies, emerging market economies have only recently started exploring
the usefulness of such models. For instance, Luciani et al. (2018) used high-frequency
indicators (e.g., cement production, manufacturing Purchasing Managers’ Index,
consumer conﬁdence, auto sales, etc.) for Indonesia to estimate a dynamic factor and
then used the same indicators to nowcast GDP growth in an AR, bridge-equation
framework. Caruso (2015) used maximum likelihood estimation in an expectationmaximization (EM) algorithm for constructing an economic activity index for Mexico.
The EM algorithm is useful in analyzing nonsynchronous data releases that are often
observed in emerging market economies.
B.

Nowcasting Indian Gross Domestic Product

Among the emerging markets, India has a reasonably long history of research in
tracking and nowcasting GDP. Early works in this domain include studies by Dua and
Banerji (2001) and a technical advisory group created by the Reserve Bank of India
1The Federal Reserve Bank of Atlanta’s GDPNow forecasting model performs a nowcast of the
ofﬁcial estimate prior to its release by estimating GDP growth using a methodology similar to the one used
by the United States Bureau of Economic Analysis.
2The Federal Reserve Bank of New York’s nowcast model produces forecasts of GDP growth for all
variables, taking into account their dynamic interactions.
3The European Central Bank models monthly data as a parametric DFM cast in a state-space
representation against quarterly GDP.
4The Norges Bank analyzes unstructured textual information of a business newspaper to decompose
daily news topics and nowcast quarterly GDP growth for policy rate decisions.
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(RBI) (2007). Dua and Banerji (2000) published an index of monthly coincident
indicators to help ascertain the timing of recession and expansion of economic activity
based on a set of objective indicators that are synchronous with cyclical ﬂuctuations in
growth. Some of the indicators (e.g., monthly unemployment numbers published in
India’s Monthly Abstract of Statistics) are no longer published. Along similar lines, the
RBI (2007) published a set of indicators including the Composite Index of Leading
Indicators and the Composite Index of Coincidental Indicators based on a detailed
empirical exercise using growth cycle and growth rate cycle methodologies.5 Composite
Index of Leading Indicators and Composite Index of Coincidental Indicators were
mainly based on a principal component analysis of sample data spanning from April
1990 to March 2006. However, the technical advisory group noted in its
recommendations that some methodological issues remain and would need further
strengthening in subsequent policy research.
Recent academic research such as by Dahlhaus, Guénette, and Vasishtha (2017)
and Bragoli and Fosten (2018) adopted a standard DFM framework for GDP growth
nowcasting. Both these studies attempted to extract an unobserved monthly common
factor from a set of monthly indicators. Following factor extraction, a monthly
projection of GDP growth was estimated based on the dynamics of the common factor.
The indicators used in these studies are summarized in Table A2 of Appendix 1. In
addition to academia and central banks, market research organizations, think tanks,
and professional economists have estimated and published indices based on highfrequency indicators and used these indices to nowcast Indian GDP. For instance,
Rabobank uses different models to nowcast India’s GDP growth, including a Bayesian
vector autoregressive model, an ordinary least squares (OLS) model, and a combined
model, which help in deriving the underlying contribution of high-frequency
indicators in GDP growth forecasts.6 Besides economic indicators, Rabobank also
includes ﬁnancial indicators such as a monetary base, a volatility index, the BSE-500
index, and the Sensex index.
The National Institute of Public Finance and Policy in India estimated common
factors using principal component analysis and then used three different variants of
bridge-equation models. The National Institute of Public Finance and Policy working

5A growth cycle measures deviations of the actual GDP growth rate from its long-run trend
growth in GDP. On the other hand, a growth rate cycle tracks cyclical upward and downward swings in
the growth rate of GDP. Usually, month-on-month changes are used to represent the growth rate cycle.
Since a growth rate cycle is represented by a month-on-month change, it is volatile and therefore,
smoothing applications such as moving average methods may be required in tracing a growth rate cycle.
6Rabobank combines predictions from a Bayesian vector autoregressive model and an OLS model
for GDP forecasts (Erken 2019).
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paper (Bhattacharya, Pandey, and Veronese 2011) used variables from several sectors
of the economy that included industrial production, construction, services, and
ﬁnancial sectors and found that the empirical strategy outperformed benchmark AR
models. In another study, the National Council of Applied Economic Research
(Bhadury, Pohit, and Beyer 2018) presented a new framework to nowcast India’s gross
value added (GVA) using data of mixed frequencies and adding evening-hour
luminosity information to capture economic activity of informal sectors in India.
In India, professional economists (economists employed by banks, brokerage
houses, and think tanks) also regularly nowcast GDP using proprietary models. Some
of the GDP nowcasts by these economists are also published by Bloomberg, but their
exact nowcasting methodologies are not in the public domain.7 Bloomberg also
publishes its Monthly GDP tracker to provide an advanced estimate of the current
quarter economic activity in India. The Monthly GDP tracker is constructed by
applying weights to the monthly activity indicators, such as agricultural trade balance,
real currency demand, and industrial production (see details in Table A2 of
Appendix 1), and the weight assigned to each monthly indicator is the inverse of
the standard deviation of the respective indicator.
To summarize, the use of economic activity indicators in GDP nowcasts has a
long history in advanced economies and are still actively used in monetary policy
making by central banks. Though there have been debates related to including highfrequency variables and their lead, lag, or contemporaneous characteristics, nowcast
exercises have moved on by including new blocks of variables with the objective of
improving nowcast performance. The application of high-frequency variables in GDP
nowcasting is relatively new in emerging economies and has been challenged by small
sample sizes, nonsynchronous data releases, and varying data lags. However,
considering its importance in policy, economists have been striving to apply
new empirical strategies to bridge these gaps and use such indicators as an active
policy tool.

III. Data
We attempt to construct an index that tracks business cycles reasonably well. The
ﬁrst–best measure of economic activity is always the quarterly estimates of GDP at

7Bloomberg tracks real-time GDP data using a weighted methodology to nowcast GDP from highfrequency volume-based economic indicators.
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constant prices, which is published with a lag of 2 months by India’s Central Statistics
Ofﬁce.8 Given the delay in data release, we use CEIIs to provide the current quarter
nowcast of GDP, our target variable. The indicators used in the construction of CEII-6,
CEII-9, and CEII-12 represent all relevant sectors of the Indian economy. Data
published on a monthly frequency are exploited to construct the CEIIs and are sourced
from the CEIC database.9
The high-frequency monthly series associated with the industry and construction
block is represented by the Index of Industrial Production (IIP) for core industries. The
personal income and consumption block is represented by indicators such as the IIP
for consumer goods and auto sales. Exports, non-oil and nongold imports, and foreign
tourist arrivals represent the external sector block. Rail freight and air cargo represent
services, while government revenue receipts represent miscellaneous economic
activity. The above indicators are included in CEII-6 and CEII-9. In addition, we
develop a CEII-12 that adds a credit and ﬁnance block by including nonfood credit,
NEER, and the Sensex index. Although the literature in some instances classiﬁes
equity indexes and credit as lead indicators, we explain in section IV.A the rationale
for including these variables in CEII-12.
At this juncture, it is important to underline the challenges thrown up by
occasionally revising past GDP data in India. Recently, on 28 November 2018, the
Ministry of Statistics and Programme Implementation released the GDP back series
from 2004/2005 to 2011/2012.10 According to the back series, GDP growth has been
revised downward compared to previous estimates.11 For our main analysis, however,
we obtain a long time series of quarterly GDP with base year 2011/2012 by using a
simple splicing of the published national accounts series for 1999/2000 and
2004/2005.

IV. Methodology and Empirical Results
The empirical exercise entails variable selection, standardization, smoothing, and
appropriately combining these transformed variables into an index. This constructed
8The Ministry of Statistics and Programme Implementation decided to merge the Central Statistics
Ofﬁce and National Sample Survey Ofﬁce (NSSO) into the National Statistical Ofﬁce (NSO). Further
details can be accessed at http://mospi.nic.in/about-ministry-0.
9CEIC is a data aggregator that collects data from different ministries, government documents, and
other data originators.
10See MOSPI (2018) for a press release on the GDP back series.
11For robustness, we have also used the downward revised year-on-year growth of the back series.
This, however, does not change our estimates signiﬁcantly.
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index is then used for GDP nowcasting. We approach the above in four sequential
stages which are described in detail in the following sections.
A.

Variable Selection

Variable selection is perhaps the most crucial part of the exercise. Our aim is to
include indicators that capture pronounced and persistent movements in economic
activity. We look at the availability of high-frequency data over a sufﬁciently long
sample and at the literature that is particularly relevant to India (Dua and Banerji 2001,
RBI 2007). We begin with an extensive survey of the international literature relating to
high-frequency indicators that are used in producing real-time assessments of GDP
growth (see Tables A1 and A2 of Appendix 1). Based on the review of literature, we
shortlist 28 high-frequency indicators for the Indian economy. These indicators
represent all major sectors in the economy, such as industry and construction, personal
income and consumption, employment, services, external sector, prices, credit and
ﬁnance, and miscellaneous economic activity. Table 1a reports the indicators and the
sectors that they represent in the economy.
We attempt to nowcast GDP using available high-frequency indicators for the
reference quarter. In doing so, we focus on those high-frequency indicators that
capture GDP dynamics but avoid overﬁtting. Therefore, while we start with an
exhaustive list of high-frequency indicators, including those used by the National
Statistical Ofﬁce (NSO), we eventually select 6, 9, and 12 indicators representing all
major sectors of the economy. Based on the nowcasting literature, the selected
indicators represent production, income, consumption, and sales activities. Thus, they
represent a mix of both expenditure and production. Table 1b reports some of the key
indicators used by the NSO to provide the ﬁrst advanced estimates of quarterly GVA.
Our list of indicators includes many of those used by the NSO for GVA compilation.
Additionally, we take into consideration indicators that proxy for income and
consumption, employment, prices, and the external sector.
Our second round of indicator screening is based on the dynamic correlation
between the indicators and the target variable GDP growth. In addition to examining
the correlation of the indicators with the target variable over the full sample, we also
pay special attention to the dynamics around turning points in GDP. In emerging
markets including India, GDP dynamics is seen to be more volatile, displaying
signiﬁcant accelerations and decelerations in growth in quick successions. Therefore, a
desirable feature of indicator selection would be to capture such dynamics. To achieve
this, we use a Lasso selection procedure to identify the set of 12 high-frequency
indicators that are relevant around turning points in India’s GDP.

Employment

IIP consumer goods a Agricultural
wages

Income and
Consumption

Credit and
Finance

Treasury bill
91-day yield

CPI–industrial Government
Bank credit to
workers
total receipts a
commercial
sector a
Sensex a

Prices

CBOE ¼ Chicago Board Options Exchange, CPI ¼ consumer price index, CRB ¼ Commodity Research Bureau, IIP ¼ Index of Industrial Production,
NEER ¼ nominal effective exchange rate, OECD ¼ Organisation for Economic Co-operation and Development.
Note: a Denotes indicators used in the construction of Coincident Economic Indicators for India (CEIIs).
Source: Authors’ compilation.

Forex reserves
CRB Index
Crude prices (Indian
basket)
OECD industrial
production
CBOE Volatility
Index (VIX)

Foreign tourist
arrivals a
Rail passenger NEER a

Exports a

Rail freight a

Air passenger

Non-oil, nongold
imports a

External Sector

Air cargo a

Services

Miscellaneous
Economic
Activity

Summary of Selected Indicators from a Review of Nowcasting Literature

Oil consumption (petrol Automobile
sales–total a
and high-speed
diesel)
Power demand
Automobile sales–
commercial
Steel production
Automobile sales–
passenger
Cement production

IIP core a

Industry and
Construction

Table 1a.
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Rail passenger

Air cargo
Cargo via seaport
Air passenger
Rail freight

Services

External
Sector Prices

Credit and Finance

Growth in sales tax
Aggregate bank deposits
Government expenditure Bank credits

Miscellaneous
Economic
Activity

A

IIP ¼ Index of Industrial Production.
Source: Central Statistics Ofﬁce press releases.

Income and
Consumption Employment

Key Indicators Used by the National Statistical Ofﬁce in Providing First Advance Estimates of Gross Value Added

IIP mining
IIP manufacturing
IIP electricity
Production of coal, crude oil,
and natural gas
Cement production
Steel consumption

Industry and
Construction

Table 1b.
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1. Dynamic Correlation
We look at the correlation of quarter-on-quarter seasonally adjusted annualized
growth of the indicators with our target variable GDP.12 The dynamic correlation
analysis is carried out over the ﬁrst quarter (Q1) of 2003 to Q1 2019 with around 65
observations at different leads and lags of GDP. The sample for dynamic correlation is
constrained by the unavailability of data for an earlier time period on some highfrequency indicators such as automobile sales and air cargo, even though ofﬁcial
quarterly GDP data are available from Q2 1996 onward. We have identiﬁed variables
as contemporaneous (C), leading (Lþ), and lagging (L) indicators depending on
their contemporaneous, future, and past correlations, respectively, with GDP. These
correlation coefﬁcients and their statistical signiﬁcance are presented in Table A3
of Appendix 1. Among the economic indicators, the highest contemporaneous
correlation with GDP is observed for Sensex, IIP consumer goods, and air cargo.
Finally, a few indicators such as IIP core, commercial automobile sales, and forex
reserves display both contemporaneous and leading properties in terms of their
correlations with contemporaneous and future GDP. Table 1c reports the dynamic
correlation coefﬁcients for the shortlisted high-frequency indicators.
The notion of using indicators to discern business cycle peaks and troughs is not
new in the growth literature. Our aim is similar in spirit to that of Moore (1950), that
is, to identify turning points in India’s business cycle using high-frequency indicators.
Such indicators can provide a sense of recession risks, and enable policy makers and
business decision makers to provide a better-informed analysis of the economic
situation. The Organisation for Economic Co-operation and Development (OECD) has
a methodology to identify turning points using composite leading indicators (CLI).
CLI is periodically measured by the OECD for 33 member countries and six
nonmember countries including Brazil, India, Indonesia, the People’s Republic of
China, the Russian Federation, and South Africa.13
Unlike several advanced and emerging market economies, India has not
experienced an economic contraction or recession in the last few decades. Instead,
12We ﬁrst convert monthly high-frequency indicators into quarterly averages and then compute their
dynamic correlation with quarterly GDP.
13The OECD uses the turning-point detection algorithm, which is a simpliﬁed version of the
original Bry and Boschan routine (Bry and Boschan 1971, OECD 2020). The Bry and Boschan routine
parses local minima and maxima in the cycle series and applies the censor rules to guarantee alternating
peaks and troughs. The OECD’s CLI-based approach has identiﬁed 10 such turning points for the Indian
economy with þ1 set for a peak and 1 set for a trough. The reference chronology of the turning points are
as follows: trough in October 1997, peak in December 1999, trough in January 2003, peak in September
2007, trough in March 2009, peak in December 2010, trough in July 2013, peak in March 2016, trough in
July 2017, and peak in May 2018.
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Table 1c. Summary of Selected Variables Using Dynamic Correlations
Indicators
Air cargo
Auto total
Bank credit
Exports
Foreign tourist
Government receipts
IIP consumer goods
IIP core
NEER
NONG imports
Rail freight
Sensex

GDP(t1)

GDP(t)

GDP(tþ1)

Indicator Type

0.17
0.17
0.11
0.31*
0.19
0.21*
0.20*
0.25*
0.14
0.33*
0.20*
0.25*

0.37*
0.25*
0.08
0.35*
0.36*
0.10
0.54*
0.20*
0.24*
0.19
0.17
0.52*

0.27*
0.24*
0.09
0.02
0.12
0.01
0.01
0.28*
0.15
0.02
0.15
0.23*

C
C
X
C
C
L
C
L+
C
L
L
C

C ¼ contemporaneous indicator, GDP ¼ gross domestic product, IIP ¼ Index
of Industrial Production, Lþ ¼ leading indicator, L ¼ lagging indicator,
NEER ¼ nominal effective exchange rate, NONG ¼ non-oil nongold imports,
X ¼ absence of signiﬁcant correlation with GDP.
Note: *Indicates 5% level of signiﬁcance.
Source: Authors’ calculations.

India’s economy has undergone cycles of accelerations and slowdowns in GDP growth
around a (time-varying) trend (see Acharya, Bhadury, and Surti 2020). In other words,
the ﬂuctuations in Indian economic activity can be characterized by a growth cycle
rather than a business cycle. Accordingly, GDP growth is used as the target variable
for the identiﬁcation of turning points in the growth cycle. Our approach provides
more turning points because it is based on identifying short-duration cycles to capture
volatility in GDP growth. The turning points are identiﬁed by parsing out local
maxima and local minima in the growth rate series and applying censor rules to
guarantee alternating peaks and troughs. Figure 1 plots real GDP growth and its
turning points for India. The plot starts from Q2 1996, which is when ofﬁcial quarterly
estimates of GDP in India became available.
After identifying the turning points, we create a 3-month (1-quarter) window of
data points in the vicinity of the turning points (on both sides) to create a novel dataset
and to explore the relationship between the target variable and the explanatory
variables around the turning points. A dataset based on or around the turning-point
events will help us understand the relationship between the explanatory variables and
GDP growth, and identify high-frequency indicators that are relevant around the
turning points in GDP growth. An index of these shortlisted indicators is designed to
optimize forecasts around the turning points. Next, we use the Lasso procedure and
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Figure 1.

Turning Points in India’s Gross Domestic Product

GDP ¼ gross domestic product.
Source: Authors’ calculations.

correlation values to identify indicators that are relevant around the turning points
in GDP.
2. Lasso
The Lasso technique is used for variable selection and shrinks the coefﬁcient
estimates toward zero by forcing some of the coefﬁcient estimates to be exactly equal
to zero. In other words, Lasso yields a sparse model, which involves a subset of the
variables that make model interpretation easier. Lasso speciﬁcation is similar to an
OLS estimator with an additional L1 penalty norm, where the tuning parameter  is set
at a sufﬁciently large value to yield desired results.14 In our model speciﬁcation, y is
the quarter-on-quarter seasonally adjusted annualized growth rate of GDP; xij are the
high-frequency indicators; n is the length of the dataset, which spans from Q1 2003 to
Q1 2019; p is the number of regressors included in Lasso; and β is the coefﬁcient
estimate of the regressors.
!2
p
p
p
n
X
X
X
X
yi  β 0 
βj xij
þ
jβj j ¼ RSS þ 
jβj j:
ð1Þ
i¼1

j¼1

j¼1

j¼1

14It can be seen that the penalty term is the sum of the absolute value; therefore, Lasso provides a
numerical solution and not an analystic solution, which is provided in the case of OLS.
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We estimate a Lasso model using a K-fold cross validation, where the dataset is
divided into K evenly spaced “folds” and one fold is held out as the test set while the
remaining K-1 folds are combined into the training set. The process is repeated with
each fold held out as a test set. After model estimation, the statistics are averaged over
all K folds. When cross-validating for indicator selection purposes, the standard error
of the cross-validation estimate is calculated for each fold. The most parsimonious
model where the cross-validation error is within 1 standard error is picked up by
Lasso.
Based on the Lasso criterion and correlation values around turning points, a list
of indicators that are found to be relevant around turning points in the GDP growth
cycles is reported in Table 1d. The Lasso technique suggests that indicators such as IIP
consumer goods, auto sales, NEER, IIP core, rail freight, Sensex, and exports are
relevant around India’s GDP turning points. All of these indicators also report
signiﬁcantly positive correlation values around turning points. However, there are a
few indicators such as air cargo, non-oil nongold imports, government receipts, and
foreign tourists, which show signiﬁcantly high correlation values around turning
points but are dropped by Lasso. The difference in results obtained from turning-point
correlations and Lasso is due to a cross-validation method, which is adopted in Lasso
but not in the correlation analysis. It is possible that some of these indicators perform
Table 1d.

Summary of Selected Variables Using Turning-Point
Correlations and Lasso

Indicator
IIP consumer goods
Auto total
NEER
IIP core
Rail freight
Sensex
Exports
Air cargo
NONG imports
Bank credit
Government receipts
Foreign tourist

Turning-Point Correlation

Lasso

0.68*
0.55*
0.55*
0.58*
0.24*
0.65*
0.65*
0.57*
0.46*
0.11
0.32*
0.57*

Y
Y
Y
Y
Y
Y
Y
N
N
N
N
N

IIP ¼ Index of Industrial Production, NEER ¼ nominal effective
exchange rate, NONG ¼ non-oil nongold imports.
Notes: Y ¼ relevant indicators around turning points in gross domestic
product (GDP); N ¼ indicators that are not relevant around turning
points in GDP. *Indicates 5% level of signiﬁcance.
Source: Authors’ calculations.
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well in the training set but not in the test set and are thus dropped by Lasso despite
high in-sample correlation.
To summarize, our main objective is to construct an economic activity index for
India based on high-frequency indicators that comove strongly with the target variable.
Our ﬁrst and second rounds of screening are based on the review of literature and
dynamic correlations between high-frequency indicators and GDP. Furthermore, to
reﬁne relevant indicators around turning points, we look at the correlation values
around turning points and the Lasso criteria. In the next section, we construct a battery
of economic activity indices that include a CEII-6 model covering exclusively
domestic economic activity indicators, a CEII-9 model incorporating trade and the
service sector, and ﬁnally a CEII-12 model which incorporates ﬁnancial variables.
Moreover, we equally consider experts’ views, past works, and judgment in
identifying and grouping variables.
B.

Dynamic Factor Model

After selecting the relevant variables to be incorporated in our model, we proceed
to estimate an index representing the common trend underlying these variables.
The index is obtained by estimating a DFM, a procedure widely popular in recent
literature. For analytical clarity, we sequentially estimate 6-indicator, 9-indicator, and
12-indicator CEIIs. The DFM is a local-level representation of the general state-space
form.15
xt ¼ βxt1 þ wt
yt ¼ Zxt þ a þ vt

where wt  MVN(0, Q),

ð2Þ

where vt  MVN(0, R),

ð3Þ

x0  MVN(, ):

ð4Þ

The observation equation contains yt which is an n  1 matrix of economic indicators
at time t.16 In the current speciﬁcation, xt extracts the common underlying trend in yt
as a single-index dynamic factor referred to as CEII and has a dimension of 1  1 at
time t. yt is modeled as a linear combination of xt and factor loading Z plus some offset
a. Both Z and a are n  1 matrices of factor loadings and offset terms, respectively. w
represents the process error (or trend shock) of the hidden trend. Both B and Q are

15The model is estimated using the multivariate autoregressive state-space (MARSS) package in R,
which is described in detail in Holmes, Ward, and Scheuerell (2020).
16Following Holmes, Ward, and Scheuerell (2020), all high-frequency indicators in y are in levels
t
and are log transformed, seasonally adjusted, and z-score transformed for standardization.
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transition parameters, where B ¼ 1 and Q has a dimension of 1  1 in our current
speciﬁcation.17 R is an n  n matrix and represents the covariance structure of
observation errors. x0 represents the initial state vector.
The DFM in the multivariate autoregressive state-space (MARSS) speciﬁcation
consists of two stochastic components: an unobservable common component xt and an
idiosyncratic component vt . (Further details about the MARSS speciﬁcation are
provided in Appendix 2.) For example, the CEII-6 model consists of IIP consumer
goods, non-oil nongold imports, domestic auto sales, rail freight, air cargo, and
government receipts represented by six observed time series.18 The identifying
assumption in the above model is that the comovements in the time series indicators
arise from a single source, that is, xt enters each indicator with different loadings,
Zi , i ¼ 1, . . . , 6. This is ensured from our assumption that vit and xt are mutually
uncorrelated at all leads and lags for all six observed economic indicators. The same
model is estimated further by including three additional variables (CEII-9) and six
additional variables (CEII-12).
Data releases in India are nonsynchronous in nature. For example, data on
monthly production of coal and crude oil are typically released on the last working day
of the month, monthly production of commercial vehicles during the middle of the
month, and railway freight trafﬁc (of major commodities) during the ﬁrst 10 days of
every month. In addition to nonsynchronous data releases, there are big data revisions
in GDP growth, small sample sizes, data releases with varying lags, etc. Keeping in
mind the numerous data challenges in India, we employ a Kalman ﬁlter in estimating
the CEIIs, following Zuur et al. (2003). The Kalman ﬁlter in the MARSS speciﬁcation
uses a recursive process that solves for the expected value of hidden states at time t
conditioned on data up to time t : E(xt jy t1 ) and gives the optimal estimate of the
unobserved xt based on observed data up to time t. In other words, Kalman ﬁlters use
an EM algorithm that provides robust estimation for datasets replete with missing
values and for high-dimensional models with various constraints as shown, for
example, in Holmes, Ward, and Scheuerell (2020).
Another important issue is choosing the number of indicators for generating
CEIIs. While it makes sense to derive CEIIs based on a large set of economic

17The common trend x is speciﬁed as I(1) as it is extracted from a vector of time series that is in
t
levels. The general DFM representation in MARSS speciﬁes B as an m  m diagonal matrix with 1’s on the
diagonal, while Q has a dimension of m  m.
18Our framework is similar to Stock and Watson (1989) which speciﬁes an “unobserved single
index” or “dynamic factor” model for the coincident variables (Stock and Watson 1989, 353). Even though
the indicators are driven by a single stochastic trend, we do not ﬁnd them to be cointegrated in our sample
(see footnote 2 of Stock and Watson 1989).
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indicators, typically 100 or more, it is more meaningful from a policy point of view to
generate an economic activity index based on a set of shortlisted indicators. We use
multiple rounds of screening procedures to weed out indicators that are either not
signiﬁcantly correlated with the GDP series or not signiﬁcantly relevant around
turning points in GDP. CEIIs generated out of relevant indicators can help us
accurately gauge the contribution made by each activity indicator, especially in
identifying indicators that are driving or dragging the dynamics in the common factor.
Overall, the sequence of dynamic factor estimation is as follows. We ﬁrst obtain
the single dynamic factor from seasonally adjusted, log-transformed, and standardized
monthly indicators by estimating the state-space model described above. The 12month change in the dynamic factor represents Y-o-Y dynamics, and changes from the
previous month represent month-on-month (M-o-M) dynamics. The latter also reﬂects
momentum in the trend. Furthermore, to smooth out ﬂuctuations, we plot 3-month
moving averages of both Y-o-Y and M-o-M series.
It is important to note that both Y-o-Y and M-o-M dynamics are policy relevant,
even though Y-o-Y dynamics reﬂect just the cumulative impact of 12 months of
M-o-M dynamics. This is because a change in the Y-o-Y dynamics may reﬂect either
changes in the current M-o-M dynamics (i.e., momentum effect) or changes in the year
ago M-o-M dynamics (i.e., base effect) or some combination of the two effects. In
particular, sharp changes in Y-o-Y dynamics in a country like India sometimes reﬂect
incipient improvement in momentum and at other times just a base effect. In policy
analysis, it is often important to distinguish between the two.
Next, we focus on the dynamics of CEII-6 in recent quarters. Figure 2 represents
both Y-o-Y and M-o-M variation in CEII-6. CEIIs represent the common trend in
monthly high-frequency indicators. The monthly indicators are highly volatile in an
emerging economy like India. The volatility in the estimated trend remains despite
removing their idiosyncratic components. To smooth out excessive ﬂuctuations, we
take a 3-month moving average of the estimated trend. The M-o-M series indicates
monthly momentum in economic activity while the Y-o-Y series captures yearly
dynamics. The M-o-M series suggests a sharp deceleration coinciding with the period
of demonetization, and also a sharp recovery quickly thereafter. Subsequently, since
early 2018, the monthly momentum suggests a gradual moderation in economic
activity. Similar to the monthly series, the Y-o-Y series captures the demonetization
downturn and the subsequent recovery, which peaked in December 2017, helped by
the low base of the previous year. The Y-o-Y series also suggests economic
deceleration since early 2018 (Figure 2).
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Figure 2. Growth in CEII-6

CEII ¼ Coincident Economic Indicator for India.
Source: Authors’ calculations.

Some researchers have included GDP along with other high-frequency indicators
of activity to construct a coincident indicator (Dua and Banerji 2000). Following this
literature, we also include GDP in CEII-6, which is represented in Figure 3.19 Note
that the dynamics of CEII-6 does not change considerably with or without GDP, and
both indicate a downturn in economic activity in ﬁscal year 2019.
Figure 4 plots the contribution of each indicator included in the model to the
variation in CEII-6 (M-o-M, 3-month moving average).20 We also report the
contribution of each indicator in Table 2. It is evident that the recent deceleration has
been broad based. Both consumption indicators (auto sales and IIP consumer goods)
and investment indicators (rail freight and air cargo) have contributed signiﬁcantly to
the recent deceleration. (Table A5 and Figure A1 of Appendix 1 provide the
contribution of each indicator based on the CEII-9 model.)
As indicated earlier, we will expand our indicator list to include IIP core, foreign
tourist ﬂows, and exports. These additional variables represent investment and service
activities. Figure 5 plots the recent dynamics of CEII-9, which is in line with CEII-6.
Note that while both indices broadly track economic activity well, CEII-6 and CEII-9
19In our sample, quarterly GDP is available until June 2019. The jagged-edge methodology is used
to handle the missing observations of GDP for recent months.
20Contribution of a component ¼ M-o-M growth of component  regression coefﬁcient of M-o-M
growth in component on M-o-M growth of CEII.
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Figure 3.

Growth in CEII-6 Augmented by Gross Domestic Product

CEII ¼ Coincident Economic Indicator for India, GDP ¼ gross domestic product.
Source: Authors’ calculations.

Figure 4. Contributions by Components

CEII ¼ Coincident Economic Indicator for India, Govt = government, IIP ¼ Index of Industrial Production,
NONG ¼ non-oil nongold imports.
Source: Authors’ calculations.
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Contributions by Components, Month-on-Month Change
Jan-19

Feb-19

Mar-19

Apr-19

May-19

Jun-19

Jul-19

0.002
0.011
0.033
0:006
0.007
0.004

0:009
0:015
0.002
0.049
0:043
0:003

0:018
0.004
0:077
0.096
0:005
0.001

0.029
0:002
0:003
0:025
0:041
0.032

0:007
0.012
0.032
0:047
0.006
0:035

0:044
0:023
0:006
0:031
0:018
0.003

0.080
0.025
0:067
0:034
0.041
0.003

0.051

0.018

0.001

0.009

0.039

0.118

0.048

CEII ¼ Coincident Economic Indicator for India, IIP ¼ Index of Industrial Production, NONG ¼
non-oil nongold imports.
Note: Numbers represent month-on-month change.
Source: Authors’ calculations.

Figure 5. Growth in CEII-9

CEII ¼ Coincident Economic Indicators for India.
Source: Authors’ calculations.

still miss a few of the turning points, for example, in the second quarter of 2017, which
was impacted by the introduction of goods and services tax and the extent of the recent
slowdown. To address this problem, we augment the model by including a ﬁnancial
block to improve tracking of GDP growth, our target variable. While some of the
ﬁnancial variables might display leading properties and therefore deviate from the core
principles of tracking contemporaneous economic activity, we still include Sensex,
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Figure 6.

Growth in CEII-12

CEII ¼ Coincident Economic Indicators for India.
Source: Authors’ calculations.

bank credit, and NEER, which are more likely to capture turning points. CEII-12
points toward some recovery in economic activities in recent times, contrary to CEII-6
and CEII-9 (Figure 6). This is due to a sharp improvement observed in all ﬁnancial
indicators—bank credit, Sensex, and NEER—in the recent period, thus painting a
somewhat optimistic picture of economic activity.
C.

Nowcasting India’s Gross Domestic Product Growth

Taking a cue from the current literature, we use the estimated CEIIs to nowcast
current quarter GDP growth well before the ofﬁcial release (at least 8 weeks in
advance). For this purpose, we estimate a parsimonious AR model of GDP growth
augmented by CEIIs (Y-o-Y series). The model estimates are presented in Table 3.
The nowcasts based on 6-, 9-, and 12-indicator models along with actual GDP
growth are plotted in Figure 7. We observe that the GDP nowcasts track actual GDP
growth reasonably well over the estimation sample. We also observe that the
nowcasts were able to track the recent slowdown particularly well (Figure 8). The
out-of-sample performance, measured in terms of the root mean squared error
(RMSE), is better for the CEII-6 model than the CEII-9 and CEII-12 models in
recent quarters.
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Nowcasting Model Estimates
GDP (Y-o-Y)

Dependent Variable
Constant
CEII (Y-o-Y)
GDP (Y-o-Y), Lag 1
Model Diagnostics
Adjusted R-squared
B-G Ser. Corr. LM Test
Out-of-Sample RMSE

Model 1
(6 indicators)

Model 2
(9 indicators)

Model 3
(12 indicators)

3.02
(0.69)
2.94
(0.64)
0.38
(0.10)

3.64
(0.73)
3.08
(0.70)
0.28
(0.12)

4.60
(0.73)
1.47
(0.27)
0.27
(0.10)

0.54
0.19
0.61

0.53
0.11
0.65

0.59
0.55
0.98

B-G Ser. Corr. LM ¼ Breusch–Godfrey serial correlation Lagrange multiplier,
CEII ¼ Coincident Economic Indicators for India, GDP ¼ gross domestic
product, RMSE ¼ root mean squared error, Y-o-Y ¼ year-on-year.
Notes: Estimates are based on the sample period Q1 2004 to Q1 2019. The total
number of observations is 62. All coefﬁcient estimates are signiﬁcant at 1%.
Standard errors are reported in parentheses. The B-G test is used to assess for
serial correlation in errors up to 12 lags. Out-of-sample RMSE pertains to Q1
2017 to Q1 2019.
Source: Authors’ calculations.

Figure 7.

CEII-Based Nowcasts of Gross Domestic Product Growth

CEII ¼ Coincident Economic Indicators for India, GDP ¼ gross domestic product.
Source: Authors’ calculations.
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Figure 8. Recent Nowcasts of Gross Domestic Product Growth

CEII ¼ Coincident Economic Indicators for India, GDP ¼ gross domestic product.
Source: Authors’ calculations.

D.

Model Performance

The next step in model building involves evaluating model performance. We
estimated a parsimonious AR model of GDP growth augmented by CEIIs (Y-o-Y
series). Alternatively, we could have used multiple time series indicators in a bridgeequation framework to nowcast current quarter GDP growth. We prefer the former
over the latter approach because of the potential problem of overﬁtting. In time series
analysis, we encounter the overﬁtting problem when the model starts to learn inherent
idiosyncrasies in the training data to the extent that the performance of the model gets
severely impacted when estimated on a new dataset. This is only possible when the
random ﬂuctuation in the training sample gets picked up as a consistent pattern by the
model, thus hindering the model’s ability to produce a credible forecast or nowcast.
One way to prevent this problem is to generate CEIIs that can capture the common
trend underlying several economic activity indicators. In other words, instead of ﬁtting
multiple time series indicators in a bridge-equation framework to nowcast current
quarter GDP growth, we prefer estimating a parsimonious AR model of GDP growth
augmented by CEIIs.
Keeping in mind structural changes in the economy, it is best to rely on the
robustness of the model and not just optimization based on backﬁtting, which works
only for the past and is often suboptimal for the future. Accordingly, we focus on
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examining the out-of-sample forecast performance of different nowcasting models at
distinct periods of time, including the last two years (Q1 2017 to Q1 2019), the last 10
years (Q1 2009 to Q1 2019), and the period immediately following the global ﬁnancial
crisis years (Q1 2009 to Q4 2013). As a further robustness check, we calculate the
relative RMSE, which is the ratio of RMSE (AR[1] þ CEII) over RMSE (AR[1]).
Relative RMSE values less than 1 suggest that there are systematic, signiﬁcant forecast
gains from incorporating information on CEII in an AR(1) as compared to a naive
AR(1) model. In line with real-time nowcasting application, we employ an out-ofsample forecast method that uses the actual value for each subsequent forecast, instead
of using the value of the previous forecasted value of the dependent variable to
compute the next one.
As observed from Table 4, CEII-augmented models perform better than their
naive AR counterpart. In other words, forecasts from the AR growth model are less
accurate than forecasts of the AR model augmented with information about CEII for a
majority of the test sets. Relative RMSE values in Table 4 suggest that there are
systematic and signiﬁcant forecast gains from incorporating CEII information in an
AR(1) model. An AR(1) model augmented by CEII-9 is able to consistently
outperform a naive AR model at all out-of-sample forecast horizons. Among the CEIIbased models, CEII-6 and CEII-9 models produce more accurate out-of-sample
nowcasts than a CEII-12 model. Relative forecast accuracy suggests that the AR(1)
models augmented with CEIIs register a general forecast gain of around 67% over a
naive AR(1) model (Table 4).21 Actual RMSE values for CEII-6, CEII-9, and CEII-12
models across different training and test sets are provided in Table A4 of Appendix 1.
We evaluate the performance of our model with that of professional forecasters
and market analysts. As mentioned in section II, professional forecasters use their
proprietary models and share their projections with Bloomberg. We plot the mean of
such projections along with dynamic factor-based nowcasts in Figure 9. In terms of
forecast performance, CEII-6 and CEII-9 display accuracies comparable to that of the
professional forecasters. In addition, the DFM is able to timely track turning points
because it exploits the current ﬂow of information available in high-frequency
indicators instead of only relying on a backward-looking information set.
Finally, as a test of robustness, we compare the dynamics of CEIIs with an
alternative and unconventional measure of economic activity captured in nightlights
21When we take a 10-year forecast assessment period, we can no longer safely assert that current
quarter information (using high-frequency data) consistently improves model performance over and above
what is already captured in a parsimonious AR model. Economists have pointed out that high-frequency
data do not support the high GDP growth observed between March 2015 and March 2017 (see
Subramanian 2019).
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Table 4.

Out-of-Sample Performance of CEII-Based Nowcasting Models
Training Set

Test Set

Relative RMSE a

AR(1) þ CEII-6
AR(1) þ CEII-9
AR(1) þ CEII-12

Q1 2004–Q4 2016
Q1 2004–Q4 2016
Q1 2004–Q4 2016

Q1 2017–Q1 2019
Q1 2017–Q1 2019
Q1 2017–Q1 2019

0.794
0.846
1.281

AR(1) þ CEII-6
AR(1) þ CEII-9
AR(1) þ CEII-12

Q1 2004–Q4 2008
Q1 2004–Q4 2008
Q1 2004–Q4 2008

Q1 2009–Q1 2019
Q1 2009–Q1 2019
Q1 2009–Q1 2019

1.021
0.955
1.164

AR(1) þ CEII-6
AR(1) þ CEII-9
AR(1) þ CEII-12

Q1 2004–Q4 2008
Q1 2004–Q4 2008
Q1 2004–Q4 2008

Q1 2009–Q4 2013
Q1 2009–Q4 2013
Q1 2009–Q4 2013

0.734
0.683
0.993

Model

AR ¼ autoregressive model, CEII ¼ Coincident Economic Indicators for India,
Q ¼ quarter, RMSE ¼ root mean squared error.
Notes: a Relative RMSE ¼ RMSE(AR[1] þ CEII)/RMSE(AR[1]). Highlighted numbers in the last column denote lower RMSE for AR(1) þ CEII models.
Source: Authors’ calculations.

Figure 9. Nowcast Performance Evaluation vis-à-vis Market Projections

CEII ¼ Coincident Economic Indicators for India, GDP ¼ gross domestic product.
Sources: Authors’ calculations and Bloomberg.

data (luminosity index).22 Notwithstanding the data’s seasonality (September–October
spike), limited availability (up to 2017), and aggregation problems (national average),
the luminosity index is expected to capture economic activities well, particularly in
22Following Beyer et al. (2018), we have used the cleaned high-frequency geospatial satellite data
on nightlight intensity made available to us by the World Bank.
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Growth in CEII-6 and Luminosity Index

CEII ¼ Coincident Economic Indicators for India, GDP ¼ gross domestic product.
Source: Authors’ calculations and Elvidge et al. (2013).

economies with dominant informal sectors. It is reassuring to note that the Y-o-Y
dynamics of CEII-6 correspond well with the nightlights data, which is provided by an
independent source and is extensively used of late (Figure 10).

V.

Conclusion

A core concern in policy making is identifying the signs of expansions and
contractions in economic activity. At any point in time, diverse economic activity
indicators may indicate varied trends. Therefore, combining all of these together in an
appropriate way to arrive at the underlying (or unobserved) trend has traditionally
occupied the attention of both governments and businesses. Our aim has been to
contribute to the existing literature by combining high-frequency indicators, which are
useful proxies of economic activity, to nowcast the GDP growth of India.
To provide an early estimate of the current quarter GDP growth, we construct
CEIIs using 6, 9, and 12 high-frequency indicators. These indicators represent various
sectors, display high contemporaneous correlation with GDP, and comove in line with
the GDP turning points. While CEII-6 includes domestic economic activity indicators,
CEII-9 incorporates indicators on trade and services and CEII-12 adds ﬁnancial
indicators in the model. We include a ﬁnancial block in CEII-12 to reﬂect the growing
inﬂuence of the ﬁnancial sector on economic activity.
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CEIIs are estimated using a DFM which extracts a common trend underlying the
high-frequency indicators. The extracted trend provides a real-time assessment of the
state of the economy and helps identify sectors contributing to economic ﬂuctuations.
Furthermore, GDP nowcasts using CEIIs show considerable gains in both in-sample
and out-of-sample accuracies. In particular, CEII-based nowcasts closely track the
recent slowdown in the Indian economy.
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Industry and
construction

Blocks

Institutions

Appendix 1

Industrial
Production

CIPS Construction

CIPS
Manufacturing

New Residential
Construction
C20 (Housing
Starts)
PMI Construction
Manufacturers’
Shipments,
Inventories and
Orders
PMI Manufacturing Construction
Spending

Manufacturing
Production

Industrial
Production

Industrial
PMI
Production: Total
Industry
Industrial
Industrial
Production:
Production
Manufacturing

Norges Bank

Merchant
Wholesalers’
Inventories:
Total
Manufacturers’
New Orders:
Durable Goods
Manufacturers’
Shipments:
Durable Goods

New Orders: All
Industries

Industrial
Conﬁdence
Indicator

Inventories: Total
Business

Retail Trade
Conﬁdence
Indicator

Capacity Utilization

Capacity Utilization Industrial
Conﬁdence
Indicator

New Orders:
Turnover: Mining/
Manufacturing
Manufacturing
Working on
Orders
Industrial
PMI Manufacturing Construction
Production Index
Output

Philadelphia Fed
Housing Starts
Business
Outlook Survey
Housing Investment Chicago Fed
Building Permits
Midwest
Manufacturing
Index
Construction
ISM Manufacturing Value of
Output
Index
Construction Put
in Place

Total Business
Investment

Bank of England

Federal Reserve
Bank of New York European Central
(FRBNY)
Bank

Manufacturing
Shipments

Canada

Indonesia

Mexico

Index of
Construction
Industry Activity
Current Survey of
Commerce
(Sales Value,
Wholesale)
Survey of
Production
Forecast

Index of All
Industry Activity

Continued.

Producer Conﬁdence
Index

Production of Crude

Industrial Production

Opinion Survey:
Manufacturing
Orders
Total Vehicle
Production

Producer Conﬁdence
Index

PMI Manufacturing IMEF Business
Climate Index:
Manufacturing
Index of Tertiary
IMEF Business
Industry Activity
Climate Index:
Nonmanufacturing

IIP

Japan

Indicators Used in International Literature on Nowcasting Gross Domestic Product

Federal Reserve
Bank of Atlanta
(FRBA)

Table A1.
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Bank of England

Reuters/University
of Michigan
Index
Conference Board
Consumer
Conﬁdence
Real Personal
Consumption
Expenditure
Real Disposable
Personal Income

Inventories: Total
Business
Empire State
Manufacturing
Survey: General
Business
Conditions
Philadelphia Fed
Manufacturing
Business
Outlook: Current
Activity
ISM
Manufacturing:
PMI Composite
Index
ISM
Manufacturing:
Price Index

Manufacturers’
Inventories:
Durable Goods
Manufacturers’
Unﬁlled Orders:
All
Manufacturing
Industries

Consumer
Conﬁdence
Indicator

Consumer
Conﬁdence

New Passenger Car Retail Sales
Registration

Norges Bank

Retail Sales

Canada

Japan

Consumer
Conﬁdence
Index
Danareksa
Consumer
Conﬁdence

Indonesia
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Continued.

Automobile Sales

Consumer
Conﬁdence Index

Mexico
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Private
Consumption

Retail Sales Index

Lloyds Business
Barometer
Agents’ Score

CBI Distributive
Trends

CBI Industrial
Trends

Federal Reserve
Bank of New York European Central
(FRBNY)
Bank

A

Personal income and
consumption

Institutions

Federal Reserve

Bank of Atlanta
(FRBA)

Table A1. Continued.
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External sector

Services

Claimant Count
Rate

Employment

Sterling Effective
Exchange Rate

PMI Services

CIPS Services

Index of Services

LFS
Unemployment
Rate

LFS Number of
Employees

Bank of England

Institutions

International Trade

Purchasing
Managers’
Survey, Services:
Business
Activity
Services
Conﬁdence
Indicator

Index of
Employment:
Total Industry

Unemployment
Rate: Total

Bank

Exports: Goods and Extra-Euro Area
Services
Trade: Export
Value

Initial
JOLTS Job
Unemployment
Openings: Total
Insurance Claims
Employment
ADP Nonfarm
Situation
Private Payroll
Employment
Nonfarm Business
Sector: Unit
Labor Cost
Civilian
Unemployment
Rate
All Employees:
Total Nonfarm

Personal Income
and Sales

(FRBNY)
New Single-Family
Houses Sold
Retail Sales and
Food Services

(FRBA)

Merchandise
Exports

Unemployment
Rate

Employment

Norges Bank

Table A1. Continued.
Federal Reserve
Bank of New York European Central

BEA Unit Auto
Sales
Existing Home
Sales
New Home Sales

Federal Reserve
Bank of Atlanta

Monthly Payroll
Employment

Canada

Japan

Foreign Reserve

Continued.

Total Vehicle Exports

Unemployment Rate

Retail Sales

Motorcycle Sales

Mexico
Truck Sales

Indonesia
Local Auto Sales
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Bank of England

GDP

BOP Total Exports

BOP Total Imports

Federal Reserve

CPI-U: All Items
less Food and
Energy
ISM Nonmanufacturing: NMI
Composite Index
Real GDP

Consumer Price
Index

Retail Trade and
Inventories

CPI

Consumer Survey:
Price Trend (12
Months)
Industry Survey:
Selling Price
Expectation
Raw Material
excluding
Energy: Market
Prices
Raw Material,
Crude Oil:
Market Prices
GDP: Chain Linked GDP Mainland
Norway

HICP: Overall
Index
PPI excluding
Construction

Norges Bank
Merchandise
Imports

GDP

Canada

Reuters Tankan DI
(Soft Indicators)
Economy Watchers
Survey

GDP

PPI (Deﬂator for
Sales Value)

Japan

Indonesia

GDP (Y-o-Y and
Q-o-Q)

CPI (NSA)

CPI Core

BOP Current
Account Balance
CPI

Exports
Net Foreign Assets
Imports

Trade Balance

Mexico

Continued.

Crude Imports
Trade Balance

Crude Exports
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Wholesale Trade

ISM Nonmanufacturing Index

Producer Price
Index

PCE: Chain Price
Index
PCE less Food and
Energy: Chain
Price Index
CPI-U: All Items

US Imports Price
Index
US Exports Price
Index

Imports: Goods and Nominal Effective
Services
Exchange Rate:
Core Group of
Currencies
against Euro

Bank of New York European Central
(FRBNY)
Bank

A

Miscellaneous
economic activity

Prices

Institutions

Federal Reserve

Bank of Atlanta
(FRBA)
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Dynamic Factor
Model

Kalman Filtering
Techniques

Dynamic Factor
Model

Bridge-Equation
Approach

Manufactured
Home Surveys
S&P 500 Index

Kalman Filtering
Techniques

Dynamic Factor
Model

Dow Jones Euro
Stoxx: Broad
Stock Exchange
Index
3-month Euribor

M3: Index of
National Stocks
Index of Loans

Bayesian Dynamic
Factor Model

Norges Bank

Table A1. Continued.
Federal Reserve
Bank of New York European Central
(FRBNY)
Bank

Kalman Filtering
Techniques

Dynamic Factor
Model

Canada

Mixed-Data
Sampling

Dynamic Factor
Model

Japan

Dynamic Factor
Model

Bank Indonesia
Reference Rate
Money Supply
(M1)
Money Supply
(M2)

Indonesia

ExpectationMaximization
Algorithm

Dynamic Factor
Model

Mexico

BEA ¼ Bureau of Economic Analysis, BOP ¼ balance of payments, CBI ¼ Confederation of British Industry, CIPS ¼ Chartered Institute of Procurement and
Supply, CPI ¼ consumer price index, CPI-U ¼ consumer price index unchained, DI ¼ diffusion index, Euribor ¼ Euro Interbank Offered Rate, GDP ¼ gross
domestic product, HICP ¼ Harmonised Index of Consumer Prices, IIP ¼ Index of Industrial Production, IMEF ¼ Mexican Institute of Financial Executives,
ISM ¼ Institute for Supply Management, JOLTS ¼ Jobs Opening and Labor Turnover Survey, LFS ¼ Labour Force Survey, NMI ¼ nonmanufacturing index,
NSA ¼ not seasonally adjusted, PCE ¼ personal consumption expenditures, PMI ¼ Purchasing Managers’ Index, PPI ¼ producer price index,
Q-o-Q ¼ quarter-on-quarter, UK ¼ United Kingdom, US ¼ United States, Y-o-Y ¼ year-on-year.
Source: Authors’ compilation.
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Credit
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Term Spread
Corporate Bond
Spread
ReleaseAugmented
Dynamic Factor
Model

Bank of England

Institutions

Federal Reserve
Bank of Atlanta
(FRBA)

270 ASIAN DEVELOPMENT REVIEW

Non-oil and
Non-oil and
Non-oil and
Agricultural Trade
Nongold Imports
Nongold Imports
Nongold Imports
Balance

Government Tax
Revenue

Car Passenger
Registration
Personal Loans

Petroleum Product
Consumption

Net Tax Revenue
Vehicle Export

PMI Services

Petroleum Product
Consumption

Vehicle Sales

Crude and Steel
Production

Auto Sales

External sector

Government Tax
Revenue

NIPFP

Central
Government
Revenue
Expenditure

Commercial
Vehicle
Production
Cellular
Subscription

Production of Coal
and Crude
Production of
Cement and Steel

Industrial
PMI Manufacturing IIP Mining
Production
Capital Expenditure Electricity
IIP Manufacturing
Index
Production
Construction Index IIP
IIP Electricity

Government Tax
Revenue

Petroleum Product
Consumption

Petroleum Product
Consumption

Rabobank

Regularly Updated

Bloomberg

Employment
Services

IIP Consumer
Goods
Auto Sales

IIP Infrastructure

SRU (CEII-12)

IIP Consumer
Goods
Auto Sales

IIP Infrastructure

SRU (CEII-9)

IIP Consumer
Goods
Auto Sales

SRU (CEII-6)
One-Time Study

Exchange Rate
(INR/USD)
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Non-oil Imports

Exports

IIP Intermediate
Goods
Production of
Commercial
Motor Vehicles
Cargo Handled in
Major Ports
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Imports
REER

Exports

Industrial
Performance
Assessment

Electricity
Generation

Production of
Crude
Production of Steel

IIP Electricity

IIP Electricity

PMI Manufacturing IIP Basic Metal

IIP General Index

Group Report

RBI (2007)

IIP Basic Metal

PMI Manufacturing IIP

Bragoli and Fosten
(2018)

A

Personal income
and
consumption

Industry and
construction

Blocks

Institutions

Dahlhaus,
Guénette, and
Vasishtha (2017)

Table A2. Indicators Used in Nowcasting Literature for India
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Credit and ﬁnance

Miscellaneous
economic
activity

Prices

Blocks

Institutions

Air Cargo

Foreign Tourist
Arrival

Air Cargo

Foreign Tourist
Arrival

Air Cargo

Rail Freight

SRU (CEII-12)

Rail Freight

SRU (CEII-9)

Rail Freight

SRU (CEII-6)

Rabobank

Real Currency
Demand
Real Combined
Credit

Foreign Tourist
Arrival
Trafﬁc Index

Monetary Base
(M0)

BSE Sensex

BSE-500

Services-Sector
Loans
MIBOR

Industry Loans

Railway Freight
Earnings

Volatility Index

CPI

Regularly Updated

Bloomberg
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NSE Turnover

Nonfood Bank
Credit
Deposits

Railway Goods
Trafﬁc
Port Trafﬁc

WPI

NIPFP

Group Report

RBI (2007)

CPI: Industrial
WPI: Industrial
Worker
Raw Materials
CPI: Agricultural
WPI: Manufactured
Laborers
Products
CPI: Rural Laborers Gold Prices in
Mumbai
WPI: All Items

(2018)

Bragoli and Fosten

Money Supply
(M1)
91-day Treasury
Bill
Sensex

FOMC-Fed Funds
Target Rate

91-day Treasury
Bill
10-year Bond Yield BSE 30

NSE-500

Money Supply

Continued.

6-month Forward
Premia

Currency with
Public
Bank Credit

Real M3 (M3/WPI)

Broad Money (M3)

ISM Composite
US Industrial
US GDP
Index
Production
S&P 500
US ISM
US Leading
Composite Index
Manufacturing
Indicator Index
PMI
Euro Area-19
Euro Area Leading
Industrial
Indicator Index
Production
Eurozone
Manufacturing
PMI
Asia Sentix Overall
Index

Petrol Spot Price
(Brent)
World Commodity
Price Index

WPI

CPI

One-Time Study

Vasishtha (2017)

Dahlhaus,
Guénette, and
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Dynamic Factor
Model

Mixed-Data
Sampling

Mixed-Data
Sampling

SRU (CEII-9)

Dynamic Factor
Model

SRU (CEII-6)

Mixed-Data
Sampling

Dynamic Factor
Model

SRU (CEII-12)

Rabobank

Weighted Average
of Monthly
Activity
Indicators
Ordinary Least
Squares
Combined Model

Bayesian VAR

Regularly Updated

Bloomberg

Bridge-Equation
Models

NIPFP

Dahlhaus,

Dynamic Factor
Model

One-Time Study

Guénette, and
Vasishtha (2017)

Dynamic Factor
Model

Bragoli and Fosten
(2018)

Turning-Point
Analysis
Cross-Correlation
Analysis

Dynamic Factor
Analysis

Group Report

RBI (2007)

A

CEII ¼ Coincident Economic Indicators for India, CPI ¼ consumer price index, FOMC ¼ Federal Open Market Committee, GDP ¼ gross domestic
product, IIP ¼ Index of Industrial Production, INR ¼ Indian rupee, ISM ¼ Institute for Supply Management, MIBOR ¼ Mumbai Interbank Offered Rate,
NIPFP ¼ National Institute of Public Finance and Policy, NSE ¼ National Stock Exchange, PMI ¼ Purchasing Managers’ Index, RBI ¼ Reserve Bank of
India, REER ¼ real effective exchange rate, SRU ¼ Strategic Research Unit, US ¼ United States, USD ¼ US dollar, VAR ¼ vector autoregression,
WPI ¼ wholesale price index.
Source: Authors’ compilation.
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Table A3. Dynamic Cross-Correlation Coefﬁcients for Indicator Selection
Indicators
Agricultural wages
Air cargo
Air passenger
Auto commercial
Auto passenger
Auto total
Bank credit
Cement
CPIIW
CRBComm
Crude Indian basket
Exports
Foreign tourist
Forex
Government receipts
IIP consumer
IIP core
NEER
NONG imports
OECD industrial production
Oil consumption
Power demand
Rail freight
Rail passenger
Sensex
Steel
91-day Treasury bill
VIX

GDP(t1)

GDP(t)

GDP(tþ1)

Indicator Type

0.03
0.17
0.33*
0.08
0.25*
0.17
0.11
0.04
0.11
0.33*
0.19
0.31*
0.19
0.28*
0.21*
0.20*
0.25*
0.14
0.33*
0.40*
0.14
0.01
0.20*
0.01
0.25*
0.20
0.13
0.03

0.07
0.37*
0.28*
0.41*
0.17
0.25*
0.08
0.12
0.05
0.44*
0.37*
0.35*
0.36*
0.27*
0.10
0.54*
0.20*
0.24*
0.19
0.43*
0.15
0.37*
0.17
0.15
0.52*
0.11
0.16
0.30*

0.12
0.27*
0.31*
0.43*
0.18
0.24*
0.09
0.11
0.06
0.13
0.02
0.02
0.12
0.29*
0.01
0.01
0.28*
0.15
0.02
0.04
0.02
0.14
0.15
0.03
0.23*
0.12
0.05
0.26*

X
C
L
L+
L
C
X
X
X
C
C
C
C
L+
L
C
L+
C
L
C
X
C
L
X
C
X
X
C

C ¼ contemporaneous indicator, CPIIW ¼ Consumer Price Index for Industrial
Workers, CRBComm = Commodity Research Bureau Commodity Price Index, GDP ¼
gross domestic product, IIP ¼ Index of Industrial Production, Lþ ¼ leading indicator,
L ¼ lagging indicator, NEER ¼ nominal effective exchange rate, NONG ¼ non-oil
nongold imports, OECD ¼ Organisation for Economic Co-operation and Development,
VIX ¼ Chicago Board Options Exchange (CBOE) Volatility Index, X ¼ absence of
signiﬁcant correlation with GDP.
Note: *Indicates 5% level of signiﬁcance.
Source: Authors’ calculations.
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Table A4. Out-of-Sample Root Mean Squared Error Values
Model

Training Set

Test Set

RMSE

AR(1) þ CEII-6
AR(1) þ CEII-9
AR(1) þ CEII-12

Q1 2004–Q4 2016
Q1 2004–Q4 2016
Q1 2004–Q4 2016

Q1 2017–Q1 2019
Q1 2017–Q1 2019
Q1 2017–Q1 2019

0.609
0.649
0.982

AR(1) þ CEII-6
AR(1) þ CEII-9
AR(1) þ CEII-12

Q1 2004–Q4 2008
Q1 2004–Q4 2008
Q1 2004–Q4 2008

Q1 2009–Q1 2019
Q1 2009–Q1 2019
Q1 2009–Q1 2019

1.695
1.587
1.933

AR(1) þ CEII-6
AR(1) þ CEII-9
AR(1) þ CEII-12

Q1 2004–Q4 2008
Q1 2004–Q4 2008
Q1 2004–Q4 2008

Q1 2009–Q4 2013
Q1 2009–Q4 2013
Q1 2009–Q4 2013

1.531
1.424
2.070

AR ¼ autoregressive model, CEII ¼ Coincident Economic Indicators for
India, Q ¼ quarter, RMSE ¼ root mean squared error.
Source: Authors’ calculations.

Table A5. Contributions by Components, Month-on-Month Change

IIP consumption goods
NONG imports
Auto sales
Rail freight
Air cargo
Government taxes
Exports
Foreign tourists
IIP core
CEII-9

Jan-19

Feb-19

Mar-19

Apr-19

May-19

Jun-19

Jul-19

0.001
0.005
0.016
0.003
0.003
0.002
0.018
0.014
0.018
0.074

0.004
0.007
0.001
0.023
0.020
0.002
0.009
0.006
0.018
0.007

0.008
0.002
0.036
0.045
0.002
0.001
0.047
0.040
0.093
0.101

0.014
0.001
0.002
0.011
0.019
0.015
0.052
0.030
0.023
0.048

0.002
0.006
0.015
0.022
0.003
0.016
0.048
0.063
0.022
0.054

0.022
0.011
0.003
0.014
0.008
0.002
0.086
0.089
0.024
0.077

0.036
0.012
0.031
0.016
0.019
0.001
0.065
0.034
0.051
0.102

CEII ¼ Coincident Economic Indicator for India, IIP ¼ Index of Industrial Production, NONG ¼
non-oil nongold imports.
Source: Authors’ calculations.
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Figure A1. Contributions by Components

CEII ¼ Coincident Economic Indicator for India, cons = consumer, IIP ¼ Index of Industrial Production, NONG
¼ non-oil nongold imports.
Source: Authors’ calculations.

Appendix 2. Identiﬁcation in a Multivariate Autoregressive
State-Space Framework
Following Harvey (1989), identiﬁcation in multivariate autoregressive state-space
speciﬁcation would require the following changes:
.
.
.
.

If Z, α, Q are not constrained, then the dynamic factor analysis model is
unidentiﬁable.
In the ﬁrst m  1 rows of Z, the z value in the jth column and the ith row is set to 0,
if j > 1.
α is constrained so that the ﬁrst m values are set to 0.
Q is set equal to the identity matrix (Im ).

Identiﬁcation requires that the standard error of Q is set as an identity matrix.
We report the standard error of the R matrix for our baseline CEII-6 model. The
observation error can be written as t  MVN(0, R).
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The matrix form representation of the observation error is as follows:
1
02 3
2 3
3
0 2
1
B6 0 7 r11 r12 r13 r14 r15 r16 C
B6 7 6 r21 r22 r23 r24 r25 r26 7C
6 2 7
B6 7 6
6 7
7C
B6 7 6
6 3 7
7C
6 7  MVN B6 0 7, 6 r31 r32 r33 r34 r35 r36 7C:
B6 0 7 6 r41 r42 r43 r44 r45 r46 7C
6 4 7
B6 7 6
6 7
7C
B6 7 4 r51 r52 r53 r54 r55 r56 5C
4 5 5
A
@4 0 5
6
r61 r62 r63 r64 r65 r66
0
The numerical estimate of the covariance matrix R is provided as follows:
0
1
0:007 0:004
0:001
0:003
0:005 0:004
B 0:004
0:018 0:007 0:002
0:002 0:004 C
B
C
B
C
B 0:001 0:007
0:197
0:002
0:005
0:001 C
B
C:
R¼B
0:002
0:009 0:004 0:004 C
B 0:003 0:002
C
B
C
@ 0:005
0:002
0:005 0:004
0:019 0:004 A
0:004 0:004
0:001 0:004 0:004
0:006
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Policy-Driven Boom and Bust
in the Housing Market:
Evidence from Mongolia
GAN-OCHIR DOOJAV AND DAVAASUKH DAMDINJAV¤

This paper examines the effects of a mortgage interest rate subsidy on booms
and busts in the housing market by analyzing the Housing Mortgage program
in Mongolia. We ﬁnd that the most recent housing boom in Mongolia occurred
from the second quarter (Q2) of 2012 to ﬁrst quarter (Q1) of 2014, and that
the subsequent housing bust lasted 4 years. Both house-speciﬁc factors and
macroeconomic variables had a signiﬁcant inﬂuence on housing price
dynamics. Mortgage interest rate semielasticity and real household income
elasticity were estimated as 3 and 1.4, respectively. Dynamic analysis of the
estimated vector error correction models suggests that the country’s policy
intervention in the mortgage market—introducing an interest rate subsidy on
mortgage loans for residential properties of up to 80 square meters—drove the
recent housing boom in Mongolia.
Keywords: booms and busts, house prices, Mongolia, mortgage interest rate subsidy
JEL codes: C53, D14, E32, E51, G21
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Introduction
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in housing prices. Housing is a fundamental part of households’ total wealth, and
households devote a large part of lifetime incomes to acquiring it. Hence, the housing
sector and its ﬁnancing have been at the heart of public policy, and ﬂuctuations in
housing prices have received a great deal of attention from policy makers and
homeowners. Several papers (McQuinn and O’Reilly 2008; Agnello and Schuknecht
2011; Lambertini, Mendicino, and Punzi 2013; Tu, de Haan, and Boelhouwer 2018;
Zhang and Yi 2018) ﬁnd that global, macroeconomic, ﬁnancial market, demographic,
house-speciﬁc factors, changes in expectations, and deregulation of the housing
market are critical determinants of housing prices. As housing sector development
requires adequate ﬁnancing, governments have implemented programs to subsidize
interest rates on mortgages. Recent studies that rely on the credit view (Favara and
Imbs 2015; Di Maggio and Kermani 2017; Mian, Suﬁ, and Verner 2017a; Justiniano,
Primiceri, and Tambalotti 2019) show that booms and busts in housing markets are
due to changes in credit supply, driven by loose lending constraints in mortgage
markets. In contrast, other papers (Case and Shiller 2003; Lambertini, Mendicino,
and Punzi 2013; Kanik and Xiao 2014; Ferrero 2015; Ascari, Pecora, and Spelta 2018)
argue that house-price expectation and exogenous preference shocks drive housing
boom–bust cycles. The papers also emphasize that other competing hypotheses, such
as a prolonged period of low interest rates and the liberalization of credit standards,
have only minor effects on housing price dynamics. Very few papers (Martins and
Villanueva 2006; Hofstetter, Tovar, and Urrutia 2011; Zhao 2019) explicitly assess the
effects of mortgage interest rate subsidies, especially on household borrowing, housing
ﬁnance, and mortgage default probabilities of mortgage loans.
In this context, this paper empirically examines the effects of a mortgage interest
rate subsidy on booms and busts in the housing market by analyzing a massive
mortgage program in Mongolia called the Housing Mortgage (HM) program. The HM
program was launched in 2013 as a part of the quasi-ﬁscal operations implemented by
the government and the Bank of Mongolia (BOM). The program provides a mortgage
interest rate subsidy to individuals who want to purchase an apartment ﬁnanced by a
mortgage loan. The HM program also allows individuals to reﬁnance existing retail
mortgage loans with a subsidized 8% interest rate. Under the HM program, the BOM
also provides cheap mortgage-targeted ﬁnancing to banks, leading to rapid mortgage
credit growth. As of the end of 2018, subsidized mortgage loans outstanding reached
3.32 trillion togrog (MNT), equivalent to 10.2% of gross domestic product (GDP).
Though the HM program initially aimed to reduce Ulaanbaatar’s air pollution through
the development of the housing sector and support young couples with low incomes, it
also led to rapid increases in apartment prices during the period 2013–2014. Evidence
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and lessons from Mongolia’s experience would be highly relevant for developing
countries to avoid policy-driven booms and busts in housing markets and to help
design good mortgage-ﬁnancing schemes. Our paper contributes to the existing
literature in two ways. First, it provides empirical evidence on the characterization of
housing boom–bust phases. The paper also estimates the interest rate elasticity of
housing prices using three different datasets, including pooled cross-sectional, panel,
and time series data, for a commodity-exporting and developing country. Second, as
far as we are aware, it is one of the ﬁrst attempts to study the role of mortgage interest
rate subsidies in booms and busts in housing prices.
Much empirical work has been done to analyze the underlying forces in housing
prices. Studies focused on demand-side factors primarily relied on interest rates and
the availability of credit. The literature on the user-cost model of housing services
(Poterba 1984; Díaz and Luengo-Prado 2008) highlights the relationship between
interest rates and house prices. When interest rate increases, according to the research,
a housing investor (including owner-occupiers) would prefer to invest in a bank
deposit (and earn the interest rate) than purchase a home (and earn the rental yield). A
vast literature (Abraham and Hendershott 1992; Goodhart and Hofmann 2008;
Iossifov, Cihak, and Shanghavi 2008; Adams and Fuss 2010; Berlemann and Freese
2013; Nneji, Brooks, and Ward 2013; DeFusco and Paciorek 2017) shows that a
negative relationship exists between interest rates and house prices, and that low real
interest rates have signiﬁcant effects on housing price dynamics. These studies also
ﬁnd that demand-side factors such as inﬂation, GDP, ﬁscal deﬁcit, current account
deﬁcit, money supply, credit, nonperforming loans, employment, unemployment, total
population, active population, construction costs, industrial production, and housing
stock are associated with housing prices. Agnello and Schuknecht (2011) provide
empirical evidence for the role of international factors such as global liquidity on
probabilities of booms and busts occurring in housing markets. Ferrero (2015) ﬁnds
that domestic factors such as credit and preference shocks can explain the negative
correlation between house prices and current account balance. Supply-side factors can
also matter. The Alonso–Muth–Mills (AMM) model established by Alonso (1964),
Muth (1969), Mills (1967), and Wheaton (1974) suggests that a range of supply-side
factors such as the shortage of appropriately zoned land that increases development
costs (the value of land), poor transport infrastructure (cost of transport), and frictions
that increase the cost of new housing development affects the cost of new housing and
reduces its supply. The higher cost and lower supply of new housing also increase the
price of the existing stock of housing. These factors also explain how housing prices
are differentiated geographically.
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Working with macro variables, several papers (Sutton 2002; Tsatsaronis and Zhu
2004; Iacoviello 2005; Iacoviello and Minetti 2008; Bjørnland and Jacobsen 2010;
Kanik and Xiao 2014; Panagiotidis and Printzis 2016; Mian, Suﬁ, and Verner 2017b;
Justiniano, Primiceri, and Tambalotti 2019) also examine the relationship between
interest rates, credits, and housing prices using quantitative macroeconomic methods
such as vector autoregression (VAR) models, vector error correction models
(VECMs), and dynamic stochastic general equilibrium models. The model-based
approach focuses on the role of house prices in the monetary policy transmission
mechanism, the role of the housing market in macroeconomic ﬂuctuations, and the
reaction of house prices to structural shocks (such as monetary policy and
technology shocks). Though there are potential feedback effects between the
housing market and credit supply expansions, the weight of empirical evidence
suggests that housing prices are more likely to be a response to credit supply rather
than a cause (Mian, Suﬁ, and Verner 2017b; Mian and Suﬁ 2018). Iacoviello (2005)
shows that the existence of nominal debt contracts and collateral constraints tied to
housing prices ampliﬁes demand shocks but stabilizes supply shocks. Iacoviello
and Minetti (2008) provide evidence supporting the existence of a credit channel
(especially a bank lending channel) of monetary policy in the housing market.
Mian, Suﬁ, and Verner (2017b) ﬁnd that a shock to household debt leads to large
and immediate increases in house prices, followed by substantial mean reversion 4
years after the initial shock. Justiniano, Primiceri, and Tambalotti (2019) argue that the
focus of discussion should shift from borrowing constraints to lending constraints when
it comes to understanding the boom phase of the housing price cycle.
The recent micro literature highlighting the importance of house-speciﬁc
factors focuses on interactions with macroeconomic factors. For example, Galati,
Teppa, and Alessie (2011) ﬁnd that house-speciﬁc factors, such as year of
construction, presence of a garden, presence of parking, and macro factors including
the long-term real interest rate, unemployment rate, and dependency ratio (ratio of
population aged 65 and above to population aged 15–64) signiﬁcantly affect housing price
dynamics. Zhang and Yi (2018) show that the location of the house, surrounding
environment, and housing characteristics such as the number of bedrooms, the size of the
living area, and the number of ﬂoors are essential determinants of house prices in Beijing.
The empirical studies on the determinants of housing price dynamics in advanced
countries are extensive, but those in developing and emerging markets are relatively
scarce. In Mongolia, Doojav (2007) ﬁnds that house-speciﬁc factors and the
surrounding environment play an essential role in determining apartment prices in
Ulaanbaatar using hedonic regression analysis. Based on the VECM, Demid (2013)
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shows that household income, concrete prices, and mortgage loans are vital drivers of
apartment prices.
The remainder of this paper is structured as follows. Section II provides an
overview of the macroeconomic environment, mortgage market development, and
details of the HM program in Mongolia. The section also identiﬁes boom and
bust episodes in the housing market. Section III presents the model of housing prices
and discusses estimation techniques. Section IV describes the data and reports
empirical results, including estimates of income and interest rate elasticities and the
contribution of the mortgage interest rate subsidy to the boom and bust in house prices for
the period 2013–2014. Finally, Section V concludes the paper with policy implications.
II.

Overview of Housing and Mortgage Markets in Mongolia

A.

Housing and Mortgage Markets: The Housing Mortgage Program

The Mongolian economy is subject to large supply and demand shocks. On the
supply side, Mongolia is a geographically large and landlocked country that
experiences harsh winter conditions, all of which point to high transport costs and
the potential for supply bottlenecks. On the demand side, mineral exports are a crucial
driver of the economy but are volatile due to global commodity demand and price
shocks (Barnett, Bersch, and Ojima 2012). In the last decade, the Mongolian economy
has experienced boom–bust cycles on several occasions.
In response to adverse external shocks, politically driven expansionary policies were
implemented for the period 2012–2016. The central bank’s quasi-ﬁscal operations (policy
lending programs) were launched in late 2012 when the political demand for higher
spending mounted. As budget revenue growth gradually slowed in the midst of declining
foreign direct investment and weakening export revenues, the central bank’s power to issue
currency was seen as a reliable source of ﬁnancing that could be tapped to support growing
spending demand without revenue constraints. Hence, the government relied on the central
bank as an alternative ﬁnancing source for ﬁscal operations. The political demand was
exceptionally high for a price stabilization program (PSP), including the HM program.1

1Such quasi-ﬁscal lending programs implemented by the BOM blurs the boundary between the
central bank’s balance sheet and the government budget, thereby undermining the role of the central bank
as an independent keeper of price stability. The exceptionally large monetary and quasi-ﬁscal stimulus
provided through various programs risks ratcheting up inﬂation, increasing public debt, adding to balance
of payment pressures, and heightening banking sector vulnerabilities. Loose monetary and ﬁscal policies to
buffer the economy from external shocks supported the economic growth for a while, but at the cost of
economic vulnerabilities.
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Public demand for affordable housing has been growing in Mongolia as
household average income is relatively low compared to housing prices. As a result,
the government has been intervening in the construction sector for the past 20 years
and sees the intervention as a way of supporting economic growth. Government
housing policies in Mongolia have been oriented toward both large-scale housing
construction programs and subsidized mortgage loan programs. In 2004, the
government initiated the 4-year “40,000 apartments program” to promote housing
supply and provided ﬁnancing of MNT32.7 billion (through a government bond of
MNT28.3 billion and Asian Development Bank project ﬁnancing of MNT4.4 billion)
to participant banks who, in turn, lent the funds to participating construction
companies. In 2009, the new government formed during the June 2008 parliamentary
election implemented another initiative called the “4,000 apartments program” to
support the construction sector. Under the program, public servants who had worked
for the public sector for 3 or more years could take out a mortgage of (up to) MNT40
million at an 8% annual interest rate for up to 20 years. They could use this loan to buy
an apartment held by banks as collateral for construction companies’ loans. In 2010
and 2012, the government approved two other programs: the “100,000 apartments
program” (75,000 apartments in Ulaanbaatar and 25,000 apartments in other
provinces) to stimulate housing supply; and the “Regulation on 6% subsidized
mortgage loan” to promote housing affordability. The 6% subsidized mortgage loan
program was implemented for only 5 months until the June 2012 parliamentary
election. During this time, about 1,000 individuals acquired these subsidized loans of
up to MNT50 million with up to 20 years to pay to buy apartments that were less than
55 square meters (m2) and built under the “100,000 apartments program.”
Though several government housing programs were implemented before 2013,
the results were not enough compared to the existing public demand for affordable
housing. Moreover, mortgage market development was weak. For instance, at the end
of 2012, the ratio of total mortgage loans to GDP was only 5.1%, which was seven
times lower than the ratio in Japan and Hong Kong, China and more than 10 times
lower than in advanced economies. About 29,900 borrowers obtained mortgage loans.
The share of mortgage loans was 12.1% of total loans outstanding. The average
mortgage annual interest rate was 15.3%, too high for an average-income household to
buy an apartment using the mortgage loan. Out of 306,800 Ulaanbaatar households,
39% were living in apartments.
Preoccupation with the presumed adverse effects of high inﬂation and high
public demand for affordable housing led the newly appointed government in 2012 to
initiate the PSP. The program aimed to introduce sustainable housing ﬁnancing
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schemes and stabilize domestic prices, not only of food and petroleum but also of
imported raw materials for construction. The PSP started in October 2012 when the
government and the BOM signed a memorandum of understanding on the “Joint
implementation of the medium-term program to stabilize prices of key commodities
and products.” The parliament approved the implementation of the PSP as it was
included in the monetary policy guidelines for 2013 and 2014 and the action plan of
the government for 2012–2016. The initial aim of the PSP was “to prevent any
potential crisis and to stabilize the economy” (BOM 2013). The involvement of the
BOM, which has a mandate to ensure price stability, in the quasi-ﬁscal operations
raised a concern about central bank independence.
Along with the supply-side stimulus program, the BOM launched the HM
program within the PSP to stimulate housing demand. The program would provide
cheap mortgage loans to households at a subsidized interest rate of 8%, which was
almost half of the market mortgage lending rates. The objective of the HM program
was to establish a sustainable mortgage ﬁnancing scheme to reconcile housing supply
with demand, increase housing affordability, and provide people with a safe and
healthy environment to live in. The idea of the mortgage ﬁnancing scheme was based
on the secondary mortgage market. Under the HM program, the BOM provided credit
to commercial banks at a 4% interest rate, which banks onlent to households at an 8%
interest rate for up to 20 years. Since late 2013, some of the subsidized mortgages have
been securitized into residential mortgage-backed securities issued by the Mongolian
Ipotek Corporation, which was purchased by the BOM to reﬁnance banks’ funding
sources for other HM loans. Loan eligibility criteria set a limit on the apartment size
that can be purchased with the loan at a maximum of 80 m2 (the subsidized mortgage
loan can only be used for buying apartments) and required that loan applicants’
minimum monthly income exceed MNT1 million (derived from a debt-to-income ratio
of 45%). The down payment is 30% of the purchased apartment’s value. Under the
HM program, the existing mortgage loans at the market interest rate were
automatically transferred to the subsidized mortgage loans. Existing commercial
mortgage borrowers switched to the subsidized loan program, and the subsidized
program almost fully absorbed new mortgage loan demand. In March 2016, the BOM
made further amendments to the HM program: (i) the mortgage interest rate was
lowered from 8% to 5% for houses purchased in speciﬁc areas such as new settlement
areas and three suburban districts in Ulaanbaatar, ger districts for redevelopment plans,
and rural areas in 21 provinces; and (ii) the maturity of the mortgage loan was
extended from 20 years to 30 years.
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By the end of 2018, the commercial banks had issued mortgage loans worth
MNT4.43 trillion (equivalent to 14% of GDP) to 93,865 borrowers. Out of the total
mortgage loans outstanding, 75% (MNT3.32 trillion) was ﬁnanced under the HM
program to 69,529 borrowers (Figures 1 and 2). Mortgage loan growth accelerated
sharply during 2013–2014 after the HM program was introduced, but then gradually
declined. The mortgage interest rate subsidy boosted mortgage loans by about 150% in
2013. Mortgage loan growth has slowed since 2014 as market demand has gradually
been fulﬁlled. After a new government was formed in the June 2016 parliamentary
election, the government and the BOM stopped the PSP, except for the HM program.
However, the BOM’s ﬁnancing for the HM program loans was signiﬁcantly reduced.
In the ﬁrst half of 2013, the average mortgage interest rate (weighted average of
market and subsidized interest rates) was 16.6%. After introducing the HM program
(i.e., the interest rate subsidy on mortgage loans), the average interest rate fell to 9.2%.
The initial subsidy shock in the mortgage interest rate was 7.4 percentage points. The
mortgage interest rate was 9.9% on average for the period June 2013–March 2016.
When the BOM further reduced the mortgage interest rate to 5%, the weighted average
mortgage rate decreased to 8.5%. As the supply of HM program loans was slashed, the
weighted average mortgage interest rate started to increase during 2017–2018. Starting
from Q4 2016, the BOM stopped ﬁnancing the HM program by expanding its balance
Figure 1.

Mortgage Loans Outstanding

LHS ¼ left-hand side, RHS ¼ right-hand side.
Source: The Bank of Mongolia.
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Number of Borrowers

LHS ¼ left-hand side, RHS ¼ right-hand side.
Source: The Bank of Mongolia.

sheet. Instead, the BOM ﬁnanced the HM program using repayments of existing
mortgage loans.
B.

Booms and Busts in the Housing Market

This section identiﬁes the booms and busts in Mongolia’s housing market. The
analysis is based on real housing price quarterly data over the period 2010–2018.2
Real housing price is measured as the ratio of the nominal housing price index (HPI) to
the consumer price index (CPI). The HPI is calculated by Tenkhleg Zuuch LLC, one of
the largest real estate data hubs in Mongolia. Following Agnello and Schuknecht
(2011), we use a simple statistical approach and deﬁne booms and busts in real house
prices as signiﬁcant, persistent deviations from long-term trends. The approach builds
on the heterodox methodology that requires detrending the level of the observed
variable before employing a turning-point deﬁnition of the cycle. First, we identify the
housing price cycle by reﬁltering the housing price series. To measure signiﬁcant and
2Tenkhleg Zuuch real estate agency started calculating monthly housing price index (HPI) based on
hedonic regression methods since January 2013. Before that, the National Statistical Ofﬁce (NSO) of
Mongolia was estimating HPI based on district weights and baskets of apartments. In the analysis, we use
quarterly HPI calculated by Tenkhleg Zuuch; hence, back-casting of the HPI is based on quarterly growth
of the NSO’s HPI.
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persistent deviations from long-term deviations, we employ a Hodrick–Prescott ﬁlter
on ex-post data instead of the recursive Hodrick–Prescott ﬁlter. We also set a very high
smoothing parameter ( ¼ 10,000) to reﬂect housing price cycles that are much longer
than typical business cycles. Second, we deﬁne the characteristics of the cyclical
phases of the housing market using EViews’s Bry Boschan Quarterly add-in that
implements the “triangular methodology” proposed by Harding and Pagan (2002).
The persistence is computed as the temporal distance between turning points in
the detrended real housing prices series. The magnitude is measured as the size of the
changes in levels of the series from peak to trough and from trough to peak.
Figure 3 shows the boom and bust phases of real housing prices (shaded dark
and light, respectively) compared to “normal” periods (nonshaded) over time.
The recent boom from Q2 2012 to Q1 2014 lasted almost 2 years and resulted in an
above-trend increase in real house prices by 17.7%. The bust from Q1 2014 to Q1
2018 lasted 4 years, and real house prices declined by 33.2% from peak to trough.
The factors contributing to the boom–bust cycles, speciﬁcally the role of the
mortgage interest rate subsidy implemented under the HM program, are examined in
Section V.

Figure 3.

Real Housing Price Gaps and Boom–Bust Phases

Notes: The series is the cyclical component of the real housing price index, which is persistent deviations from
long-term trends. The deviation is measured in absolute values, meaning that 0.1 is equivalent to 10%. The dark
shaded area denotes the boom phase, while the light (gray) area indicates the bust phase. Housing price gaps are
computed as deviations of real housing prices from trend, obtained using the Hodrick–Prescott ﬁlter
( ¼ 10, 000).
Source: Authors’ calculations using the real housing price index and EViews’s Bry Boschan Quarterly add-in.

POLICY-DRIVEN BOOM

III.

AND

BUST

IN THE

HOUSING MARKET 289

Determinants of Housing Prices and Estimation Methodology

This section discusses the theoretical foundation of the explanatory factors
considered in the empirical analysis and the estimation methodologies used to identify
the determinants of housing prices.
A.

Factors Driving Housing Prices

Changes in housing prices are the result of many underlying forces, including
demand-side (macroeconomic) and supply-side (and house-speciﬁc) factors. First, we
employ a simple model in identifying key demand-side factors of housing prices. The
model considers a representative household that consumes housing and a nonhousing
composite good to maximize its utility subject to a budget constraint. The household
gains a separable utility through consuming both housing and the composite good,
with constant elasticity of substitution of the intertemporal consumption of the two
goods. The household also faces a periodic budget constraint, as spending on
consumption and repayment on a mortgage loan must be balanced with income. We
also assume that (i) the amount of mortgage repayment (both the amortized amount
and interest) on housing in each period is a ﬁxed fraction of the total loan and (ii)
households face a borrowing constraint, such that the expected value of their
collateralizable housing stock at period t must be high enough to guarantee lenders of
total loan repayment. The ﬁrst strong assumption ignores the repayment schemes
originated in different types of mortgage contracts. The implication of this
simpliﬁcation is discussed extensively in Tu, de Haan, and Boelhouwer (2018).
In the model, a household tries to arrive at the optimal utility in the form of
a1
a
u(Pt , Ct ) ¼
C 1m þ 2 P 1n
,
ð1Þ
1m t
1  n h, t
where Ph, t and Ct are the housing price and real spending on the composite good,
respectively; m and n are the elasticities of intertemporal substitution and housing
price, respectively; and a1 and a2 are preference-related parameters.
The representative household maximizes lifetime utility
X
ð2Þ
β t u(Ph, t , Ct )
subject to
Ct þ γLt ¼ Yt ,

ð3Þ

where β is the discount factor; the mortgage loan Lt is a percentage of the housing
price; Yt represents real income; it is the mortgage interest rate; and γ is a constant.
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Equation (3) implies that the household’s income (Yt ) is spent on a composite good
(Ct ) and a periodic amount to repay the loan and associated interest (γLt ). Households
face a borrowing constraint: the expected value of their collateralizable housing stock
at period t must be high enough to guarantee lenders of loan repayment such that
(1 þ it )Lt ¼ θPh, t , where θ captures the loan-to-value ratio and housing stock.
The optimal solution of the household problem yields
uph
1þi
¼ θ t:
ð4Þ
uc
γ
Combining equations (3) and (4) leads to the ﬂexible house–price relationship
expressed by the interest rate and expenditure on the composite good:
m

1

Ph, t ¼ c0 C tn (1 þ it )  n ,
a2
a1

ð5Þ

1
n

where c0 ¼ ( γθ) . As higher income stimulates consumer demand, we assume that
consumption (spending on the composite good) is determined by household income:
Ct ¼ a0 Y t ,

ð6Þ

where a0 and  are parameters.
Combining equations (5) and (6), we obtain demand-oriented house prices in the
ﬂexible form of
m

m

1

Ph, t ¼ c0 (a0 ) n Y t n (1 þ it )  n :

ð7Þ

Converting equation (7) into real terms using aggregate price (Pt ), we reach the
empirical equation of the real housing price
lnP rh, t ¼ α0 þ α1 lnY tr  α2 it þ α3 lnPt ,
P
where P rh, t ¼ Ph,t t
α1 ¼  mn ; α2 ¼ 1n ;

ð8Þ

is real housing price; Y tr ¼ PYtt is real income; α0 ¼ ln(c0 (a0 ) n );
and α3 ¼  mn  1. Equation (8) indicates that real house prices are
determined by the real household income level, nominal mortgage interest rate, and
CPI. The resulting speciﬁcation (8) is fully in line with empirical studies (BaffoeBonnie 1998 for the United States; Assenmancher-Wesche and Gerlach 2008 for 17
countries; Lee 2009 for Australia; Andrews 2010 for the Organisation for Economic
Co-operation and Development (OECD) countries; Panagiotidis and Printzis 2016 for
Greece). Intuitions of the determinants are as follows. First, higher household income
allows households to take on more debt and spend a larger share of income on housing
and related debt service. Hence, a higher income is positively associated with a higher
probability of a housing boom (Goodhart and Hofmann 2008). Second, the mortgage
interest rate affects household debt ﬁnancing conditions, that is, a decrease in the cost
of borrowing encourages housing demand. Thus, a mortgage interest rate decrease
m
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should increase the probability of a boom (Andrews 2010). Third, increases in aggregate
price result in lower real user costs, which promote investment in housing. The higher
demand for housing may lead to higher housing prices; hence, higher aggregate prices
are associated with higher housing prices (Poterba 1984, Panagiotidis and Printzis 2016).
Since we have only annual population and demographic data in Mongolia, these
variables are not included in our monthly estimations. Speciﬁcation (8) describes the
Mongolian housing market and the main interest of the paper in the sense that the
mortgage interest rate captures the effect of the interest rate subsidy under the HM
program, and effects of quantitative measures such as liquidity provided by the BOM
are reﬂected in household income and CPI. Therefore, the speciﬁcation can help
control the simultaneous effects of these quantitative interventions.
In addition to the demand-side (macroeconomic) determinants, some supply-side
factors highlighted by the AMM model (Kulish, Richards, and Gillitzer 2012), such as
transportation cost and cost of new housing, are considered in the empirical analysis.
Because of data limitation, the transportation cost is proxied by the house’s location
(distance from the city center and a dummy for house district), and a dummy for
construction type (building material) is chosen as a proxy for the cost of housing.
Building on existing studies (Galati, Teppa, and Alessie 2011; Zhang and Yi 2018),
other house-speciﬁc factors such as age, size of living space, having a parking, and
having a garden are also added in pooled cross-sectional and panel data estimations.
B.

Estimation Methodology

To examine the determinants of housing prices in Mongolia, we attempt to use all
available information, including pooled cross-sectional, panel, and time series
datasets. For instance, pooled cross-sectional data allow us to study the effect of
house-speciﬁc factors and analyze the effect of the HM program using the differencein-difference (DiD) method. District-level panel data are used to check the robustness
of pooled cross-section results and to assess the effect of air pollution on housing
prices as Ulaanbaatar is one of the most heavily polluted capital cities in the world.
The time series data help to analyze the macroeconomic determinants of housing
prices and to examine the shock decomposition of boom and bust phases in the
housing market. As macro variables are also included in the pooled cross-sectional and
panel data analyses, their results also provide robustness checks for macroeconomic
determinants obtained from the time series analysis. Therefore, these empirical
methods (i.e., pooled cross-section, panel, and time series methods) complement one
another and help provide a full picture of the determinants of housing prices and the
robustness of the interest and income elasticities.
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For each dataset, we employ different estimation methods. For instance, the DiD
method, pooled ordinary least squares (POLS), and generalized least squares (GLS)
are used for pooled cross-sectional data. Static POLS and GLS for district and time
ﬁxed effects (FEs) are employed for the panel data. The VECM, which provides a
framework for studying long-run economic relations, is used for time series data. The
features of the methods are described in the following.
1.

Difference-in-Difference

DiD on pooled cross-sectional data is generally used to investigate the impact of
policy measures. Hence, we employ the DiD method to evaluate the effect of the HM
program on the housing market. For the DiD estimation, the housing price equation is
expressed as follows:
ln(Pit ) ¼ β0 þ β1 Di þ β2 Postt þ γ(Di  Postt ) þ Hi β3, Xi þ Zt β4, Zt þ "it ,

ð9Þ

where i and t indicate individual houses and time, respectively; Pit is the real housing
price; Di is a dummy variable, where Di ¼ 1 if the living space has up to 80 m2 (under
the HM program, the interest rate subsidy only applies for houses of up to 80 m2) and
Di ¼ 0 if the living space is larger than 80 m2; Postt is also a binary variable, where
Postt ¼ 1 for the HM program period and Postt ¼ 0 otherwise; the product Di  Postt
is the dummy variable used for measuring the treatment effect of the HM program; Hi
is a set of house-speciﬁc variables, such as year of construction, living space, and
presence of parking and a garden; and Zt is a set of macroeconomic variables,
including log of real income, nominal mortgage rate, and log of CPI. The coefﬁcients
have the following meanings: β0 is a constant term; β1 is the treatment group-speciﬁc
effect; β2 is a time trend common to control and treatment groups; β3, Xi is the vector of
parameters capturing the effects of house-speciﬁc variables; β4, Zt is the vector of
parameters capturing the effects of macroeconomic variables; γ captures the effect of
the HM program; and "it is the disturbance term.
2.

Pooled Ordinary Least Squares and Generalized Least Squares
Estimators

POLS and GLS estimators are used to measure the effect of micro and macro
variables on house prices based on panel data. For the estimators, the regression
equation is set as follows:
ln(Pit ) ¼ Hit β þ uit ,

ð10Þ
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where Pit is real housing price; Hit includes all determinants including house-speciﬁc
factors and macroeconomic variables; β is the vector of parameters; and uit is the
idiosyncratic error. POLS provides the best linear unbiased estimator and consistent
estimator of β under the following assumptions: (i) E(H 0it uit ) ¼ 0; (ii) rank
P
E( Tt¼1 H 0it Hit ) ¼ K, i ¼ 1, 2, . . . , K; and (iii) E(u 2it H 0it Hit ) ¼  2 E(H 0it Hit ), t ¼ 1,
2, . . . , T, where  2 ¼ E(u 2it ), and E(uit uis H 0it His ) ¼ 0, t 6¼ s, t, s ¼ 1, 2, . . . , T. The
last assumption implies E(u 0it uit ) ¼  2 IT , meaning that the unconditional variances are
constant and the unconditional covariances are zero (Wooldridge 2002). POLS is still a
consistent estimator if the ﬁrst two assumptions hold. When E(u 0it uit ) ¼  2 IT does not
hold and the ﬁrst two assumptions hold, then GLS analysis is as efﬁcient as POLS.
3.

Vector Error Correction Model

VECM is employed in estimating the long-run housing price equation for time
series data. Let us consider the VAR( p) model:
yt ¼

p
X

i yti þ "t ,

ð11Þ

i¼1

where yt is an n  1 vector composed of I(0) and I(1) variables (i.e., log of real
housing price, log of real income, nominal mortgage rate, and log of CPI); n is the
number of endogenous variables in the system; p is the number of lags of the
endogenous variables; i is the matrix of coefﬁcients; and "t is a martingale difference
sequence with constant conditional variance " (abbreviated mds(" )) with ﬁnite
fourth moments. Since each of the variables in the system is I(0) or I(1), the
determinantal polynomial j(z)j contains at most n unit roots, with (z) ¼
P
I  pi¼1 i z i . When there are fewer than n unit roots, then the variables are
cointegrated, in the sense that a certain linear combination of the yt ’s are I(0).
To derive the VECM, subtract yt1 from both sides of equation (11) and
rearrange the equation as
Δ yt ¼ yt1 þ

p1
X
i¼1

i Δyti þ "t ,

ð12Þ

P
P
where  ¼ In þ pi¼1 i , which has rank r ¼ rank(), and i ¼  pj¼iþ1 j ,
i ¼ 1, . . . , p  1. Let α denote an n  r matrix whose columns form a basis for the
row space of , so that every row of  can be written as a linear combination of the
rows of α 0 . Thus, we can write  ¼ δα 0 , where δ is an n  r matrix with full column
rank.
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Equation (12) then becomes
Δ yt ¼ δwt1 þ

p1
X

i Δ yti þ "t ,

ð13Þ

i¼1
0

where wt ¼ α 0 yt . Solving equation (13) for wt1 shows that wt1 ¼ (δ δ) 1 δ 0
P
[Δ yt  p1
i¼1 i Δyti  "t ], so that wt is I(0). Thus, linear combinations of the
potentially I(1) elements of yt formed by the columns of α are I(0), and the columns of
α are cointegrating vectors. wt ¼ 0 can be interpreted as the “equilibrium” (long-run
relations among variables) of the dynamical system, wt as the “equilibrium errors,”
and equation (13) describes the self-correcting mechanism of the system (Watson
1994). In the empirical analysis, maximum eigenvalue and trace tests and variants of
likelihood ratio (LR) type tests are employed to determine the cointegrating rank (r).
The long-run equation of housing price is used to assess the effect of the mortgage
interest rate subsidy implemented under the HM program on housing price dynamics.

IV.

Data

In this paper, we employ three types of datasets: pooled cross-sectional, panel,
and time series data. Descriptions of the datasets are detailed in the following.
A.

Pooled Cross-Sectional Data

We use a raw database of Ulaanbaatar housing price surveys conducted by
Tenkhleg Zuuch real estate agency. Tenkhleg Zuuch calculates the HPI using hedonic
regressions on the monthly survey data, which only include apartments. The pooled
cross-sectional data cover the period January 2013 to September 2018, and the total
number of observations is 272,799. House-speciﬁc variables in pooled cross-sectional
data and their descriptions are shown in Table 1.
Because of data limitation, only house asking prices are available in Mongolia.
The statistical characteristics of the variables are shown in Table A.1 of the Appendix.
The average age of a house at the time of the survey is 9.6 years, and the average
living space of apartments is about 60 m2. Two-thirds of apartments have parking,
about half of them have a garden, and 72% were built using a concrete frame. The
average distance of an apartment from the center of the city is 4.6 kilometers.
In addition to the data shown in Table 1, the pooled cross-sectional data
estimation also consists of macroeconomic variables (Zt ) such as the mortgage interest
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Description of House-Speciﬁc Variables
Description

Housing prices
Real housing prices

House asking prices collected from surveys conducted by Tenkhleg Zuuch
Housing price is adjusted for the consumer price index

House characteristics
Age
Living space
Living space squared
Parking
Garden
Distance

Years since construction at the time of survey (in years)
Area of house in square meters
Area of house squared
Dummy ¼ 1 if the apartment has parking, 0 otherwise
Dummy ¼ 1 if the apartment has a garden, 0 otherwise
Distance from the city center in kilometers

Construction type
Concrete frame

Iron Caracas
Brick apartment
Wooden and brick
apartment
Prefabricated
apartment

Construction dummy ¼ 1 if construction type is a concrete frame,
0 otherwise
Construction dummy ¼ 1 if construction type is high-density concrete,
0 otherwise
Construction dummy ¼ 1 if construction type is iron Caracas, 0 otherwise
Construction dummy ¼ 1 if construction type is a brick house, 0 otherwise
Construction dummy ¼ 1 if construction type is a wooden and brick house,
0 otherwise
Construction dummy ¼ 1 if construction type is a prefabricated house,
0 otherwise

Ulaanbaatar districts
District 1 (Bayangol)
District 2 (Bayanzurkh)
District 3 (Nalaikh)
District 4
(Songinokhairkhan)
District 5 (Sukhbaatar)
District 6 (Khan-Uul)
District 7 (Chingeltei)

District dummy ¼ 1 if the apartment is in Bayangol district, 0 otherwise
District dummy ¼ 1 if the apartment is in Bayanzurkh district, 0 otherwise
District dummy ¼ 1 if the apartment is in Nalaikh district, 0 otherwise
District dummy ¼ 1 if the apartment is in Songinokhairkhan district,
0 otherwise
District dummy ¼ 1 if the apartment is in Sukhbaatar district, 0 otherwise
District dummy ¼ 1 if the apartment is in Khan-Uul district, 0 otherwise
District dummy ¼ 1 if the apartment is in Chingeltei district, 0 otherwise

High-density concrete

Source: Housing price surveys conducted by Tenkhleg Zuuch LLC.

rate, the natural logarithm of real household income, and the natural logarithm of CPI
for the period January 2013 to September 2018. Mortgage interest rate is calculated as
the weighted average interest rate of mortgage loans (i.e., weighted average of the
market and the subsidized interest rates) and the data are collected from the BOM’s
Statistical Bulletin. Real household income is measured as a ratio of nominal
household income to CPI, and monthly nominal household income is calculated using
EViews’s low- to high-frequency method (linear match last) on the average quarterly
household income collected from the Household Socio-Economic Survey conducted
by the National Statistical Ofﬁce (NSO) of Mongolia. CPI is the nationwide CPI and
the data are taken from the NSO.
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B.

Panel Data

Using the raw database of the housing price surveys, we construct a panel data
based on district classiﬁcation. The panel data covering the period January 2013 to
September 2018 for Ulaanbaatar districts are used to examine how house-speciﬁc
factors and macroeconomic variables affect house prices. Average prices of newly
constructed residential properties in Ulaanbaatar districts are shown in Figure 4. The
districts’ average house prices have moved together over time.
House characteristics and macroeconomic variables (mortgage interest rate, real
household income, and CPI) are also included in the panel estimation. For the panel
data, house characteristics (i.e., living space, age, and distance) are measured as an
average for houses within each district at a certain period. As air pollution has been a
big issue in Ulaanbaatar and air quality differs among districts, we assume that it is a
crucial factor affecting the house buyer’s choice. Since each district’s time series data
of air pollution are reported, we include the variable in the panel estimation. Each
district’s air pollution, which is measured by nitrogen dioxide, is collected from the
database of the Ministry of Environment and Tourism. Macroeconomic variables are
the same as in the pooled cross-sectional data.
Figure 4.

Average Prices of Residential Properties in Ulaanbaatar by District

1 = January, 3 = March, 5 = May, 7 = July, 9 = September, 11 = November.
Note: The y-axis represents the natural logarithms of average prices of residential properties.
Source: Authors’ calculations based on the raw database of housing price surveys conducted by Tenkhleg Zuuch
LLC.
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Time Series Data

Data used in the VECM estimation include the monthly time series of four
variables for the period January 2013 to September 2018. These variables include the
natural logarithm of a real housing price index (ln(RHPI)), natural logarithm of real
household income (ln(RHI)), natural logarithm of CPI (ln(CPI)), and nominal
mortgage interest rate (MIR). The average nominal household income and CPI are
retrieved from the NSO of Mongolia. The mortgage interest rate (weighted average
rate of mortgage loans issued in the reporting month) and overall HPI calculated by
Tenkhleg Zuuch are obtained from the BOM. CPI is used to adjust nominal variables
to ﬁnd real variables. In addition to the overall HPI, we calculate two more HPIs using
hedonic modeling and time dummy variable method. The hedonic regression approach
conceptually founded by Lancaster (1966) and Rosen (1974) is employed to constrict
the HPI for residential properties of up to 80 m2, which can be bought by a mortgage
loan with a subsidized interest rate under the HM program. The time dummy variable
method initially developed by Court (1939) is used to build another HPI as an
alternative to the overall HPI. In constructing new HPIs, we use the same database
from Tenkhleg Zuuch that was used in constructing the overall HPI and follow the
procedures described by Eurostat (2013).
The newly constructed HPIs are much smoother than the overall HPI,
particularly for the period 2016–2017. Moreover, the HPI for residential properties
of up to 80 m2 grows faster than the other two HPIs during the boom phase (i.e., Q2
2012–Q1 2014 period).

V.

Empirical Results

A.

Estimation
1.

Pooled Cross-Sectional Regression Analysis

DiD, POLS, and GLS methods on the pooled cross-sectional data are used to
examine the house-speciﬁc and macro determinants of real housing prices, particularly
the effects of the HM program on housing prices. The DiD estimation covers
the period January 2013 to December 2013, and the ﬁrst 5 months are classiﬁed as the
pre-HM program period, while the last 7 months are the HM program period. The
estimation results are shown in Table 2.
Most variables in the regressions are statistically signiﬁcant at the 1%
signiﬁcance level. The signs of the estimated coefﬁcients are in line with their
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economic meanings. Older houses are less expensive, and the presence of parking and
a garden increases real house prices. For each kilometer from the center of the city, real
house prices fall by over 2% for GLS and DiD methods. Housing types signiﬁcantly
affect house prices. For housing type (quality), the omitted variable is prefabricated
apartments. The estimation shows that houses made from high-density concrete and
iron Caracas are more expensive, while concrete frame and brick houses are cheaper
Table 2. Estimation Results of Pooled Ordinary Least Squares, Generalized Least Squares,
and Difference-in-Difference Models
Dependent Variable: Log (Real Housing Prices)
Independent Variables
House characteristics
Living space
Living space squared
Age
Parking
Garden
Distance
Construction type
Concrete frame
High-density concrete
Iron Caracas
Brick apartment
Wooden and brick apartment
District interaction term
District 1 # living space
District 2 # living space
District 3 # living space
District 5 # living space
District 6 # living space
District 7 # living space

POLS

GLS

DiD

0.023***
(0.00)
0.0001***
(0.00)
0.004***
(0.00)
0.064***
(0.00)
0.008***
(0.00)
0.009***
0.023***

0.027***
(0.00)
0.0001***
(0.00)
0.005***
(0.00)
0.055***
(0.00)
0.009***
(0.00)
0.028***
(0.00)

0.023***
(0.00)
0.0001***
(0.00)
0.002***
(0.00)
0.031***
(0.00)
0.003
(0.00)
0.024***
(0.00)

0.086***
(0.00)
0.063***
(0.00)
0.298***
(0.01)
0.097***
(0.00)
0.062***
(0.01)

0.102***
(0.00)
0.082***
(0.00)
0.233***
(0.01)
0.083***
(0.00)
0.076***
(0.01)

0.052***
(0.01)
0.197***
(0.01)
0.259***
(0.05)
0.073***
(0.01)
0.061***
(0.02)

0.003***
0.003***
0.000
0.004***
0.004***
0.004***

0.001***
0.001***
0.008***
0.002***
0.003***
0.002***

0.001***
0.001***
0.006***
0.003***
0.002***
0.002***

Continued.
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Table 2. Continued.
Dependent Variable: Log (Real Housing Prices)
Independent Variables
Macroeconomic variables
Mortgage interest rate (in level)
ln(real income)
ln(CPI)
Treatment dummy (Di )
Post time dummy (Postt )
Policy effect (Di  Postt )
Constant
Observations
Adjusted R 2
Sample period

POLS

GLS

0.024***
(0.00)
1.085***
(0.01)
0.970***
(0.01)

0.026***
(0.00)
1.140***
(0.01)
1.013***
(0.01)

DiD

6.938***
(0.13)

6.431***
(0.11)

0.078***
0.037***
0.032***
17.419***
(0.02)

272,799
0.876
Jan 2013–Sep 2018

272,799
0.864
Jan 2013–Sep 2018

20,748
0.911
Jan 2013–Dec 2013

DiD ¼ difference-in-difference, GLS ¼ generalized least squares, POLS ¼ pooled ordinary least
squares.
Notes: Coefﬁcient estimates are shown with their standard errors in parentheses. *** indicates
signiﬁcance at 1% level.
Source: Authors’ calculations.

compared to prefabricated houses. The omitted variable for districts is District 4
(Songinokhairkhan), since housing prices in this district are the lowest.
All macro variables, such as mortgage interest rate, real household income, and
CPI, have a signiﬁcant impact on real house prices. The estimated interest rate
elasticity is about 2.5, and elasticities of the real household income and CPI are close
to one. The estimated elasticities are in line with the results of studies surveyed by
Iossifov, Cihak, and Shanghavi (2008). The DiD regression is estimated only for the
period January 2013 to December 2013, reﬂecting the fact that the HM program
started in June 2013 and our sample started in January 2013.3
Real housing prices increased by 3.7% on average ( β2 ) during the ﬁrst 7 months
of the HM program (i.e., between June 2013 and December 2013). Prices for
residential properties with a living space of up to 80 m2 grew by 7.8% on average ( β1 )
during 2013. The coefﬁcient ( γ) on the product (Di  Postt ), capturing the effects of

3Since maximum pretreatment period is 6 months, posttreatment period is chosen as 6 months in the
regression.
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the HM program on the housing price, is estimated at 0.032. The estimation implies
that the HM program potentially led to a 3.2% increase in real housing prices for the
period June 2013 to December 2013.
2.

Panel Data Regression Analysis

To examine the effects of house-speciﬁc and macroeconomic variables on district
housing prices, we conduct panel data analyses using static POLS, only district ﬁxedeffect (FE [district]), and only time ﬁxed-effect (FE [time]) methods. The panel data
estimation results are shown in Table 3.
The house-speciﬁc factors, except for distance in the FE (district) and FE (time)
methods, have statistically signiﬁcant effects on real housing prices. The results are
robust for all estimation methods. The signs of the estimated parameters are the same
as discussed in the pooled cross-sectional data analysis. A novel result is that real
housing prices tend to be cheaper for houses located in areas with higher air pollution
measured by nitrogen dioxide. According to the static POLS estimation, apartments
are cheaper if they are farther from the city center.
For static POLS and FE (district) methods, the interest rate elasticity and income
elasticity are statistically signiﬁcant at the 1% level and estimated as 1.6–1.9 and 0.65–
0.82, respectively. The FE speciﬁcation eliminates omitted-variable bias caused by
excluding unobserved variables that change over time but are the same across districts
in each period. For FE (time) estimation, the elasticities are estimated as statistically
insigniﬁcant since the method controls macro variables by including dummies for each
period. The results may imply that the observed macro variables (CPI, household
income, and mortgage interest rate) are endogenous and determined by other variables
(i.e., commodity prices, foreign direct investment, cash transfers, etc.) not included in
the estimation.
3.

Time Series Analysis

As there are no time series data of supply-side factors (and micro-housing
attributes), we estimate the VECM for demand-side determinants as speciﬁed in
equation (8). As the HPI includes only apartments (not single-family homes,
semidetached homes, or terraced houses), we assume that apartment prices are
determined by the macro variables. Before estimating the model, we conduct univariate
unit root tests by applying the Augmented Dickey–Fuller (ADF) test for stationarity of
these variables. The ADF test statistics are summarized in Table A.2 of the Appendix.

POLICY-DRIVEN BOOM
Table 3.

AND

BUST

IN THE

HOUSING MARKET 301

Estimation Results of Pooled Ordinary Least Squares and Fixed-Effect Estimators
Dependent Variable: ln(Real Housing Prices) by Districts

Independent Variables
House characteristics
Living space
Living space squared
Age
Distance
Air pollution (measured by NO2 )
Macroeconomic variables
Mortgage interest rate
ln(CPI)
ln(real income)
Constant
Observations
Adjusted R 2
Sample period

Static POLS

FE (District)

FE (Time)

0.113***
(0.01)
0.001***
(0.00)
0.006***
(0.00)
0.013***
(0.00)
0.006***
(0.00)

0.042***
(0.01)
0.000***
(0.00)
0.013***
(0.00)
0.004
(0.00)
0.003**
(0.00)

0.032***
(0.00)
0.000***
(0.00)
0.015***
(0.00)
0.001
(0.004)
0.003***
(0.00)

0.016***
(0.00)
0.862***
(0.07)
0.652***
(0.08)
9.395***
(1.31)

0.019***
(0.00)
0.785***
(0.04)
0.824***
(0.06)
9.296***
(0.93)

0.026
(0.07)
0.540
(0.62)
0.60
(2.38)
27.600
(30.90)

483
0.962
Jan 2013–Sep 2018

483
0.875
Jan 2013–Sep 2018

483
0.922
Jan 2013–Sep 2018

CPI ¼ consumer price index, FE ¼ fixed effect, NO2 ¼ nitrogen dioxide, POLS ¼ pooled ordinary least squares.
Notes: Coefﬁcient estimates are shown with their standard errors in parentheses. ** and *** indicate
signiﬁcance at 5% and 1% levels, respectively. Coefﬁcients for time dummies are not shown in the table.
Source: Authors’ calculations.

The test results show that all four variables (i.e., log of real house prices, log of
CPI, log of real household income, and mortgage interest rate) are I(1). In particular,
the null hypothesis that each series in levels has a unit root is not rejected, and the null
hypothesis that the ﬁrst difference of each series has a unit root is rejected at the 1%
signiﬁcance level.
We then determine the appropriate number of lags for the VECM. We estimate
three versions of the VECM with different real HPIs: (i) overall HPI calculated by
Tenkhleg Zuuch, (ii) HPI for residential properties of up to 80 m2, and (iii) HPI
constructed with a time dummy. Results of the lag selection criteria are shown in
Table A.3 of the Appendix. For the VAR with overall HPI, the LR test, ﬁnal prediction
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error (FPE), and Akaike information criterion (AIC) suggest ﬁve lags, but the Schwarz
Bayesian information criterion (SBIC) and Hannan–Quinn information criterion
(HQIC) indicate one and two lags, respectively. For the VAR with HPI for properties
of up to 80 m2, the LR test and FPE suggest four lags, while AIC, SBIC, and HQIC
indicate ﬁve, one, and two lags, respectively. For the VAR with HPI constructed with a
time dummy, FPE and HQIC suggest two lags, while the LR test, AIC, and SBIC
indicate four, ﬁve, and one, respectively. However, for the three versions of VAR, only
the VAR(2) model simultaneously satisﬁes all corresponding diagnostic tests,
including joint normality, no serial correlation, and no heteroskedasticity in the
residual matrix at the 5% signiﬁcance level. Thus, the VECM(1) (i.e., error correction
form of VAR[2] model) is employed for all estimations. The trace and eigenvalue
cointegration tests are conducted to determine the number of cointegrations among the
four variables in the model.
For all three versions, the cointegration equation shown in equation (8) with a
constant is estimated. The test results are shown in Table A.4 of the Appendix. For all
three versions, both trace and eigenvalue tests suggest that one cointegrating rank can
exist among these variables at the 5% signiﬁcance level. Since all variables in the
systems are I(1), the cointegrating relationship is not caused by the inclusion of a
stationary variable. Since one cointegrating relationship exists between these variables,
the speciﬁcation of VECM must be appropriately developed.
The weak exogeneity test is used to ﬁnd the proper speciﬁcation of the VECM
(i.e., a system of equations or a single equation). The test results are shown in
Table A.5 of the Appendix. For all three versions, the null hypothesis that the variable
is weakly exogenous is rejected for HPI and real household income, while the
hypothesis is not rejected for CPI and mortgage interest rate at the 5% signiﬁcance
level. The result is in line with the theoretically suggested equation (8), suggesting that
real housing prices are determined by macroeconomic variables. As the mortgage
interest rate is subsidized under the HM program in Mongolia, it is purely exogenous,
and CPI is driven more by the exchange rate, policy rate, and supply factors such as
meat and fuel prices in Mongolia.
The weak exogeneity tests also suggest that a system of HPI and real household
income equations (where CPI and mortgage interest rate are weakly exogenous) must
be employed in estimating a cointegrating vector, α 0 . To this end, the joint restriction
δMIR ¼ δCPI ¼ 0 (which is not rejected by the data as the LR test statistic is
χ 2 (2) ¼ 1:41, the p-value of the LM test is 0.5 for overall HPI, χ 2 (2) ¼ 1:99, the
p-value of LM test is 0.37 for the HPI for residential properties of up to 80 m2,
χ 2 (2) ¼ 1:79, and the p-value of the LM test is 0.41 for HPI constructed with a time
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Estimation Results of the Vector Error Correction Model
Dependent Variable: Δ ln(real HPI)

HPI for Residential HPI Constructed
with a
Properties of Up to
Time Dummy
Independent Variables Overall HPI 80 Square Meters
Long-run relationship
ln(CPI (1))
ln(real income (1))
MIR (1)
Constant
Short-run relationship
Error correction term
Δ ln(real HPI (1))
Δ ln(CPI (1))
Δ ln(real income (1))
Δ (MIR (1))
Constant
Observations
Adjusted R 2

0.934***
(0.119)
1.454***
(0.156)
0.027***
(0.005)
10.908

1.072***
(0.102)
1.411***
(0.133)
0.029***
(0.004)
9.641

1.025***
(0.115)
1.403***
(0.149)
0.030***
(0.004)
9.745

0.126*
(0.038)
0.074
(0.124)
0.148
(0.233)
0.001
(0.133)
0.002
(0.002)
0.004*
(0.002)
67
0.186

0.134*
(0.032)
0.057
(0.122)
0.025
(0.194)
0.031
(0.113)
0.002
(0.002)
0.005***
(0.002)
67
0.284

0.132*
(0.032)
0.018
(0.121)
0.027
(0.212)
0.043
(0.123)
0.003
(0.002)
0.004*
(0.002)
67
0.255

CPI ¼ consumer price index, HPI ¼ housing price index, MIR ¼ mortgage interest rate.
Notes: Coefﬁcient estimates are shown with their standard errors in parentheses. * and
*** indicate signiﬁcance at 10% and 1% levels, respectively.
Source: Authors’ calculations.

dummy) is imposed on the VECMs to obtain efﬁcient estimators for the parameters of
the cointegrating vector. For all three versions, the VECM with one lag and the weakly
exogenous restriction is estimated, and results of both long-run and short-run
relationships of the real housing price equations are shown in Table 4.
For all three versions, the long-run elasticity of each explanatory variable has the
theoretically expected sign and is statistically signiﬁcant at the 1% signiﬁcance level,
suggesting that the real household income, mortgage interest rate, and CPI affect real
housing prices. The real income elasticity is estimated as α1 ¼ 1:4, which is in line
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with existing studies (Hofman 2005 for the Netherlands, Oikarinen 2005 for Finland,
Jacobsen and Naug 2005 for Norway). The interest rate semielasticity is estimated at
α2 ¼ 0:03, suggesting that a 1 percentage decrease in the average mortgage interest
rate leads to a 3% increase in the real housing price. The estimated value of the
semielasticity is modest and closer to the results obtained in existing studies (Meen
2002 for United Kingdom, Jacobsen and Naug 2005 for Norway). Comparing with
other countries, magnitudes of the estimated elasticities are closer to those found in
Jacobsen and Naug (2005) for Norway, which is also a resource-rich and small open
economy. The estimated elasticities of the VECM are also closer to the estimated
values using the pooled cross-sectional data. All ﬁndings imply that the mortgage
interest rate subsidy and macroeconomic policies signiﬁcantly affect real housing
price.
Another interesting result is that VECM feedback takes place through real
housing prices and real household income adjustments. The error correction
coefﬁcients of the real housing price equation (δHPI ¼ 0:13) have the expected
sign. The result suggests that any deviation from the long-run equilibrium is corrected
at the rate of 13% each month, and it takes about 8 months to return to the long-run
equilibrium. In the short run, the macroeconomic determinants have an insigniﬁcant
effect on real housing price.
Overall, three empirical estimations (i.e., pooled cross-section, panel, and time
series methods) provide robust evidence that (i) both demand- (macroeconomic
variables) and supply-side (house-speciﬁc characteristics, distance, air pollution)
factors are critical determinants of housing prices and (ii) the HM program’s
subsidized mortgage loan has affected housing prices through direct (mortgage interest
rate subsidy) and indirect (household income and CPI) channels. The long-run interest
rate, income, and CPI are elastic and statistically signiﬁcant with theoretically
consistent signs.
B.

Impulse Response, Variance Decomposition, and Historical
Decomposition of Real Housing Prices

To assess the dynamic behavior of the VECM of real HPI for apartments of up to
80 m , we employ generalized impulse response function (GIRF) together with
bootstrapped standard errors. Figure 5 reports point estimates and 68% conﬁdence
bands of the GIRFs.
The size of each shock is a 1% (or 1 percentage point for interest rate) change in
the shock variable. A 1% own shock increases the real HPI by 1.5% after 36 months
2
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Impulse Responses of the Real Housing Price Index for Apartments of Up to
80 Square Meters

CPI ¼ consumer price index, HPI ¼ housing price index, MIR ¼ mortgage interest rate.
Notes: The ﬁgures show accumulated impulse responses of the ﬁrst-differenced variables, which correspond to
responses of the level variables. Given that the level variables are nonstationary, their responses to shocks have a
permanent nature.
Source: Authors’ calculations.

from the initial shock, and the response is highly persistent. A 1% increase in the CPI
decreases real HPI by 1.6%–1.7% after 6 months. The response of real HPI to the
income shock gradually increases over time. A 1% increase in real household income
pushes up real HPI by 2.2%–2.4% after 12 months from the initial shock. Because of
the HM program (interest rate subsidy), the average mortgage interest rate
immediately fell by 7 percentage points. According to the response of real HPI to
the MIR shock, the policy intervention has increased real HPI by 6%–9% for the next
36 months from the initial shock (i.e., June 2013).
Though impulse response functions show the transmission and effect of
structural shocks, they do not provide evidence regarding their signiﬁcance in HPI
ﬂuctuations. Variance decomposition, on the other hand, shows the signiﬁcance of
each identiﬁed shock in the ﬂuctuations of the variables of interest. Table 5 presents
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Table 5. Forecast Error Variance Decomposition of the
Real Housing Price Index for Apartments of Up to 80
Square Meters (in %)
Forecast Horizon
(Months)
3
6
9
12
15
18
21
24
27
30
33
36

HPI
Shock

CPI
Shock

Income
Shock

MIR
Shock

90.4
71.5
63.6
60.2
58.6
57.6
57.0
56.5
56.2
56.0
55.8
55.6

1.3
2.9
2.4
1.8
1.4
1.2
1.0
0.9
0.8
0.7
0.7
0.6

3.0
12.5
18.5
21.6
23.3
24.3
24.9
25.4
25.7
25.9
26.2
26.3

5.3
13.0
15.4
16.3
16.7
17.0
17.1
17.2
17.3
17.3
17.4
17.4

CPI ¼ consumer price index, HPI ¼ housing price index, MIR
¼ mortgage interest rate.
Notes: The table shows the variance decomposition of real
HPI, which determines how much of the forecast error variance
of the level variable can be explained by the identiﬁed shocks
(HPI, income, CPI, and MIR shocks). The columns give the
proportion of forecast error in real HPI accounted for by each
identiﬁed shock.
Source: Authors’ calculations.

the results of the forecast error variance decomposition (Cholesky decomposition) of
real HPI for apartments of up to 80 m2.
The total variance of the HPI is decomposed in each period of the forecast
horizon and we measure the percentage of this variance that each shock can explain.
For the ﬁrst three quarters, the highest explanatory power is attributed to HPI’s own
shocks (90% of the variance). However, 3 years after the shock, real household income
and the mortgage interest rate shock account for the signiﬁcant variation (26.3% for
income shock and 17.4% for mortgage interest rate shock) in the HPI. The CPI shock
accounts for a small portion (less than 3%) of the HPI variation for all forecast
horizons. Another observation is that house prices are rigid, particularly in short
horizons, and the importance of household income and mortgage interest rate shocks
in explaining the HPI variance increases over time. These results are robust regardless
of the ordering of variables used in the Cholesky decomposition.
Next, we explore which factors (structural shocks) drove the recent boom and
bust in the Mongolian housing market. Historical decompositions provide an
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interpretation of historical ﬂuctuations in the modeled time series through the lens of
the identiﬁed structural shocks. The estimated VECMs are used to analyze the
historical decomposition, which describes the variation of real HPIs over time in terms
of the structural shocks. The historical decomposition is always backward-looking and
treats everything as observed. Therefore, having estimates of the model’s impulse
response parameters and the history of structural shocks is sufﬁcient information to
calculate the historical decomposition.
Historical decompositions are estimated using the generalized approach
proposed by Pesaran and Shin (1998). Unlike the traditional (i.e., recursive or
Cholesky) approach, the generalized approach does not require orthogonalization of
shocks and is invariant to the ordering of the variables in the VECM. Figure 6
displays the generalized historical decomposition of real HPIs by focusing on
the contributions of each shock (HPI, real income, and mortgage interest rate shocks)
over the period January 2013 to September 2018. The historical decompositions of
different HPIs are qualitatively the same because the contribution of each shock moves
all HPIs in the same direction, but quantitatively different in the sense that the magnitude
of the contribution explained by a certain shock varies among different HPIs.
Mortgage interest rates and HPI own shocks were the main contributors to the
2013–2014 housing price boom. Under the HM program, the mortgage interest rate
was subsidized starting June 2013, and the average mortgage interest rate immediately
fell by over 7 percentage points. Over 35,000 borrowers took mortgage loans of
MNT1.5 trillion (equivalent to 16% of the money supply) with a subsidized interest
rate (8% per annum) between June 2013 and March 2014. Over the period, total
mortgage loan outstanding doubled, reaching MNT2.2 trillion, and its annual growth
exceeded 125% for the period September 2013 to March 2014.
Figure 6 shows that the mortgage interest rate shock drives more than half of the
HPI for residential properties of up to 80 m2, which are properties that can be bought
by the mortgage loan with a subsidized interest rate. The ﬁnding indicates that the
massive policy intervention in the mortgage market has led to the housing price boom
in Mongolia. As the mortgage interest rate subsidy continued under the HM program,
mortgage interest rate shocks continued to have a positive contribution to real housing
prices over time.
Even as the subsidized mortgage rate was temporarily reduced from 8% to 5% in
2016, the interest rate shock’s positive contribution increased in the same year. As the
volume of subsidized mortgage loans decreased from the end of 2016, the contribution
of the interest rate shock gradually shrunk.
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Figure 6. Historical Decomposition: Stochastic Components of the Real Housing Price Index

CPI ¼ consumer price index, HPI ¼ housing price index, MIR ¼ mortgage interest rate, sqm = square meter.
Note: The ﬁgures show the historical decompositions of the real HPIs, which provide an interpretation of
historical ﬂuctuations in the level variables through the lens of the identiﬁed shocks (HPI, income, CPI, and MIR
shocks).
Source: Authors’ calculations.

POLICY-DRIVEN BOOM

AND

BUST

IN THE

HOUSING MARKET 309

Though we use the assumption that each structural shock identiﬁed from the
VECM has a zero mean, the contribution of the mortgage interest rate shock on the
HPI has been positive for the whole sample period. This can be explained by the fact
that in the VECM, dependent variables are modeled in a ﬁrst-difference form, and
structural shocks are identiﬁed from the speciﬁcation.
In line with the estimates of VECM’s impulse responses, the contribution of a
structural shock to a level variable is calculated as the cumulative sum of the
differenced variable’s contribution. The empirical estimates of highly persistent
impulse responses and values of the mortgage interest rate shock result in the positive
contribution of the shock for the sample period.
Real household income shocks had a positive contribution to the housing price
boom during the years of double-digit growth. Own shocks of housing prices also
played a signiﬁcant role in the housing price dynamics since the end of 2013. In the
VECM, the expectation effects are reﬂected in housing price shocks. As highlighted by
Lambertini, Mendicino, and Punzi (2013) and Kanik and Xiao (2014), own shocks of
housing prices strongly ampliﬁed the housing price boom in Mongolia during the
period September 2013 to March 2014. Initially, the contribution of own shocks was
positive since market participants had formed an expectation that the housing price
will rise further as subsidized mortgage loans rapidly increased. The expectation of
large price increases had a strong impact on housing demand because people believed
that housing prices were unlikely to fall. Some policy makers’ statements may have
also inﬂuenced housing price expectation by promoting the view that buying a house
is a long-term investment, with substantial ﬁnancial beneﬁts as house prices increase.
The housing price bust started in March 2014, and CPI and real household
income shocks initially drove the bust. As real housing prices started to fall, market
participants’ expectations reversed in the direction that the price will keep declining.
Therefore, HPI shocks had a negative contribution to housing prices during this
period. Together with real household income shocks, own shocks were the primary
reason why the housing bust lasted several years. Overall, our analysis suggests that
the HM program (i.e., mortgage interest rate subsidy) led to the boom, and the
deterioration of macroeconomic fundamentals (household income and CPI shocks)
and changes in expectations triggered the bust in the housing market.

VI.

Conclusion

This paper has examined the effect of a mortgage interest rate subsidy on booms
and busts in the housing market. Using the HM program implemented by the
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Government of Mongolia as a representative case study, we quantify the effects of the
HM program in housing price dynamics.
Several vital results stand out. First, we ﬁnd that the most recent housing boom
from Q2 2012 to Q1 2014 resulted in a 17.7% above-trend increase in real house
prices, while the subsequent housing bust from Q1 2014 to Q1 2018 saw real house
prices decline by 33.2% from peak to trough. Second, all estimation results based on
pooled cross-sectional, panel, and time series data provide robust evidence that both
demand (macroeconomic variables) and supply-side (house speciﬁc characteristics,
distance, air pollution) factors are vital determinants of housing prices. The DiD
estimation suggests that the HM program led to signiﬁcant increases in real housing
prices. The district-level panel estimation results reveal that air pollution and location
of residential property (i.e., distance from the city center) are also important
determinants of real house prices. Third, the estimated long-run mortgage interest rate,
income, and CPI elasticities are elastic, robust, and statistically signiﬁcant with
theoretically consistent signs, implying that a mortgage interest rate subsidy and
macroeconomic policies have direct and indirect (via their impacts on credit and
income) effects on real housing price. The mortgage interest rate semielasticity and the
real household income elasticity for Mongolia are estimated as 3 and 1.4,
respectively. Fourth, dynamics analysis (GIRF and variance decomposition) reveals
that real household income and mortgage interest rates are critical variables in
forecasting housing prices in Mongolia. Real household income and mortgage interest
rate shocks respectively account for 26% and 17% of the forecast error variance of real
housing price. Fifth, the generalized historical decompositions based on the estimated
VECMs show that the recent housing boom was mainly driven by the mortgage
interest rate, real household income, and HPI own shocks, and that real household
income and HPI own shocks played a signiﬁcant role in prolonging the recent housing
bust. The analysis reveals that the HM program drove the recent housing boom in
Mongolia.
The evidence suggests that policy interventions in the mortgage market such as
nontargeted and signiﬁcant subsidies on the mortgage interest rate can lead to a
housing boom. Therefore, an optimal policy mix (i.e., targeted subsidy or setting a
limit on subsidized mortgage loan amount; macroprudential measures such as limits on
loan-to-value and debt-to-income ratios; and policies supporting the supply of
apartments, construction materials, and related infrastructure, etc.) must be
implemented to prevent housing prices from rising excessively.

POLICY-DRIVEN BOOM

AND

BUST

IN THE

HOUSING MARKET 311

References
Abraham, Jesse, and Patric Hendershott. 1992. “Patterns and Determinants of Metropolitan
House Prices, 1997–91.” NBER Working Paper Series No. 4196.
Adams, Zeno, and Ronald Fuss. 2010. “Macroeconomic Determinants of International Housing
Markets.” Journal of Housing Economics 19: 38–50.
Agnello, Luca, and Ludger Schuknecht. 2011. “Booms and Busts in Housing Markets:
Determinants and Implications.” Journal of Housing Economics 20 (3): 171–90.
Alonso, William. 1964. Location and Land Use: Toward a General Theory of Land Rent.
Cambridge: Harvard University Press.
Andrews, Dan. 2010. “Real House Prices in OECD Countries: The Role of Demand Shocks
and Structural and Policy Factors.” OECD Economics Department Working Papers No.
831.
Ascari, Guido, Nicolò Pecora, and Alessandro Spelta. 2018. “Booms and Busts in a Housing
Market with Heterogeneous Agents.” Macroeconomic Dynamics 22 (7): 1808–24.
Assenmancher-Wesche, Katrin, and Stefan Gerlach. 2008. “Financial Structure and the Impact
of Monetary Policy on Asset Prices.” Swiss National Bank Working Papers 16.
Baffoe-Bonnie, John. 1998. “The Dynamic Impact of Macroeconomic Aggregates on Housing
Prices and Stock of Houses: A National and Regional Analysis.” Journal of Real Estate
Finance and Economics 17 (2): 179–97.
Bank of Mongolia (BOM). 2013. Annual Report 2013. Ulaanbaatar.
Barnett, Steven, Julia Bersch, and Yasuhisa Ojima. 2012. “Inﬂation Dynamics in Mongolia:
Understanding the Roller Coaster.” IMF Working Paper WP/12/192.
Berlemann, Michael, and Julia Freese. 2013. “Monetary Policy and Real Estate Prices:
A Disaggregated Analysis for Switzerland.” International Economics and Economic
Policy 10 (4): 469–90.
Bjørnland, Hilde, and Dag Henning Jacobsen. 2010. “The Role of House Prices in the
Monetary Policy Transmission Mechanism in Small Open Economies.” Journal of
Financial Stability 6 (4): 218–29.
Case, Karl, and Robert Shiller. 2003. “Is There a Bubble in the Housing Market?” Brookings
Papers on Economic Activity 2003 (2): 299–342.
Court, Andrew T. 1939. “Hedonic Price Indexes with Automotive Examples.” In The Dynamics
of Automobile Demand, 99–117. New York: The General Motors Corporation.
DeFusco, Anthony, and Andrew Paciorek. 2017. “The Interest Rate Elasticity of Mortgage
Demand: Evidence from Bunching at the Conforming Loan Limit.” American Economic
Journal: Economic Policy 9 (1): 210–40.
Demid, Enkhzaya. 2013. “The Determinants of House Prices: The Case of Mongolia.” Bank of
Mongolia Working Paper Series 8 (in Mongolian).
Di Maggio, Marco, and Amir Kermani. 2017. “Credit-Induced Boom and Bust.” The Review of
Financial Studies 30 (11): 3711–58.
Díaz, Antonia, and Maria Jose Luengo-Prado. 2008. “On the User Cost and Homeownership.”
Review of Economic Dynamics 11 (3): 584–613.
Doojav, Gan-Ochir. 2007. “Determinants of Land Prices in Ulaanbaatar: A Hedonic Regression
Analysis.” Master’s thesis, The National University of Mongolia (in Mongolian).

312 ASIAN DEVELOPMENT REVIEW
Eurostat. 2013. “Handbook on Residential Property Prices Indices (RPPIs).” Eurostat
Methodological & Working Papers. Eurostat European Commission.
Favara, Giovanni, and Jean Imbs. 2015. “Credit Supply and the Price of Housing.” The
American Economic Review 105 (3): 958–92.
Ferrero, Andrea. 2015. “House Price Booms, Current Account Deﬁcits, and Low-Interest
Rates.” Journal of Money, Credit and Banking 47 (1): 261–93.
Galati, Gabriele, Federica Teppa, and Rob Alessie. 2011. “Macro and Micro Drivers of House
Price Dynamics: An Application to Dutch Data.” De Nederlandsche Bank Working Paper
288.
Goodhart, Charles, and Boris Hofmann. 2008. “House Prices, Money, Credit, and the
Macroeconomy.” Oxford Review of Economic Policy 24 (1): 180–205.
Harding, Don, and Adrian Pagan. 2002. “Dissecting the Cycle: A Methodological
Investigation.” Journal of Monetary Economics 49 (2): 365–81.
Hofman, David. 2005. “Kingdom of the Netherlands—Netherlands: Selected Issues.” IMF
Country Report 05/225.
Hofstetter, Marc, Jorge Tovar, and Miguel Urrutia. 2011. “Effects of a Mortgage Interest Rate
Subsidy: Evidence from Columbia.” IDB Working Paper Series No. IDB-WP-257.
Iacoviello, Matteo. 2005. “House Prices, Borrowing Constraints, and Monetary Policy in the
Business Cycle.” American Economic Review 95 (3): 739–64.
Iacoviello, Matteo, and Raoul Minetti. 2008. “The Credit Channel of Monetary Policy:
Evidence from the Housing Market.” Journal of Macroeconomics 30 (1): 69–96.
Iossifov, Plamen, Martin Cihak, and Amar Shanghavi. 2008. “Interest Rate Elasticity of
Residential Housing Prices.” IMF Working Paper WP/08/247.
Jacobsen, Dag Henning, and Bjørn Naug. 2005. “What Drives House Prices?” Norges Bank
Economic Bulletin 76 (1): 29–42.
Justiniano, Alejandro, Giorgio Primiceri, and Andrea Tambalotti. 2019. “Credit Supply and the
Housing Boom.” Journal of Political Economy 127 (3): 1317–50.
Kanik, Birol, and Wei Xiao. 2014. “News, Housing Boom-Bust Cycles, and Monetary Policy.”
International Journal of Central Banking 10 (4): 249–98.
Kulish, Mariano, Anthony Richards, and Christian Gillitzer. 2012. “Urban Structure and
Housing Prices: Some Evidence from Australian Cities.” Economic Record 88 (282): 303–22.
Lambertini, Luisa, Caterina Mendicino, and Maria Teresa Punzi. 2013. “Leaning against BoomBust Cycles in Credit and Housing Prices.” Journal of Economic Dynamics and Control
37 (8): 1500–22.
Lancaster, Kevin. 1966. “A New Approach to Consumer Theory.” Journal of Political
Economy 74 (2): 132–57.
Lee, Chyi Lin. 2009. “Housing Price Volatility and Its Determinants.” International Journal of
Housing Markets and Analysis 2 (3): 293–308.
Martins, Nuno, and Ernesto Villanueva. 2006. “The Impact of Mortgage Interest-Rate Subsidies
on Household Borrowing.” Journal of Public Economics 90 (8–9): 1601–23.
McQuinn, Kieran, and Gerard O’Reilly. 2008. “Assessing the Role of Income and Interest
Rates in Determining House Prices.” Economic Modelling 25 (3): 377–90.
Meen, Geoffrey. 2002. “The Time-Series Behaviour of House Prices: A Transatlantic Divide.”
Journal of Housing Economics 11 (1): 1–23.

POLICY-DRIVEN BOOM

AND

BUST

IN THE

HOUSING MARKET 313

Mian, Atif, and Amir Suﬁ. 2018. “Finance and Business Cycles: The Credit-Driven Household
Demand Channel.” Journal of Economic Perspectives 32 (3): 31–58.
Mian, Atif, Amir Suﬁ, and Emil Verner. 2017a. “Household Debt and Defaults from 2000 to
2010: The Credit Supply View.” In Evidence and Innovation in Housing Law and Policy,
edited by Lee Anne Fennell and Benjamin J. Keys, 257–88. Cambridge, UK: Cambridge
University Press.
_______. 2017b. “Household Debt and Business Cycles Worldwide.” The Quarterly Journal of
Economics 132 (4): 1755–817.
Mills, Edwin. 1967. “An Aggregative Model of Resource Allocation in a Metropolitan Area.”
American Economic Review 57 (2): 197–210.
Muth, Richard. 1969. Cities and Housing: The Spatial Pattern of Urban Residential Land Use.
Chicago: University of Chicago Press.
Nneji, Ogonna, Chris Brooks, and Charles Ward. 2013. “House Price Dynamics and Their
Reaction to Macroeconomic Changes.” Economic Modelling 32 (C): 172–8.
Oikarinen, Elias. 2005. “The Diffusion of Housing Price Movements from Centre to
Surrounding Areas.” The Research Institute of the Finnish Economy Discussion Papers
979.
Panagiotidis, Theodore, and Panagiotis Printzis. 2016. “On the Macroeconomic Determinants
of the Housing Market in Greece: A VECM Approach.” International Economics and
Economic Policy 13 (3): 387–409.
Pesaran, H. Hashem, and Yongcheol Shin. 1998. “Generalized Impulse Response Analysis in
Linear Multivariate Models.” Economics Letters 58 (1): 17–29.
Poterba, James. 1984. “Tax Subsidies to Owner-Occupied Housing: An Asset-Market
Approach.” Quarterly Journal of Economics 99 (4): 729–52.
Rosen, Sherwin. 1974. “Hedonic Prices and Implicit Markets: Product Differentiation in Pure
Competition.” Journal of Political Economy 82 (1): 34–55.
Sutton, Gregory. 2002. “Explaining Changes in House Prices.” BIS Quarterly Review September:
46–55.
Tsatsaronis, Kostas, and Haibin Zhu. 2004. “What Drives Housing Price Dynamics: CrossCountry Evidence.” BIS Quarterly Review March: 65–78.
Tu, Qi, Jan de Haan, and Peter Boelhouwer. 2018. “House Prices and Long-Term Equilibrium
in the Regulated Market of the Netherlands.” Housing Studies 33 (3): 408–432.
Watson, Mark. 1994. “Vector Autoregressions and Cointegration.” In Handbook of
Econometrics IV, edited by Robert F. Engle and Daniel L. McFadden, 2843–915.
North Holland: Elsevier.
Wheaton, William. 1974. “A Comparative Static Analysis of Urban Spatial Structure.” Journal
of Economic Theory 9 (2): 223–37.
Wooldridge, Jeffrey M. 2002. Econometric Analysis of Cross Section and Panel Data.
Cambridge, MA: MIT Press.
Zhang, Lei, and Yimin Yi. 2018. “What Contributes to the Rising House Prices in Beijing? A
Decomposition Approach.” Journal of Housing Economics 41: 72–84.
Zhao, Yunhui. 2019. “Evidence of Government Subsidy on Mortgage Rate and Default:
Revisited.” Journal of Housing Research 28 (1): 23–49.

314 ASIAN DEVELOPMENT REVIEW

Appendix

Table A.1.

Summary Statistics of Variables in Pooled Cross-Sectional Data

Variable

Number of
Mean or Standard
Observations Proportion Deviation

Min

Max

Housing price (MNT)
Log (real housing price)

272,799
272,799

130,000,000 144,000,000 20,300,000 6,160,000,000
18.436
0.612
16.739
22.505

House characteristics
Age (years)
Area (square meters)
Parking
Garden
Distance (kilometers)

272,799
272,799
272,799
272,799
272,799

9.634
60.489
0.612
0.529
4.615

13.791
30.574
0.487
0.499
5.135

0.000
12.000
0.000
0.000
0.200

82.000
395.500
1.000
1.000
143.000

Construction type
Concrete frame
High-density concrete
Iron Caracas
Brick apartment
Wooden and brick apartment
Prefabricated apartment (base)

272,799
272,799
272,799
272,799
272,799
272,799

0.722
0.039
0.003
0.057
0.005
0.174

0.448
0.194
0.055
0.231
0.071
0.379

0.000
0.000
0.000
0.000
0.000
0.000

1.000
1.000
1.000
1.000
1.000
1.000

District
District 1
District 2
District 3
District 4 (base group)
District 5
District 6
District 7

272,799
272,799
272,799
272,799
272,799
272,799
272,799

0.240
0.330
0.006
0.136
0.089
0.173
0.027

0.427
0.470
0.075
0.343
0.285
0.378
0.162

0.000
0.000
0.000
0.000
0.000
0.000
0.000

1.000
1.000
1.000
1.000
1.000
1.000
1.000

Macroeconomic variables
Mortgage interest rate
ln(real income)
ln(CPI)

272,799
272,799
272,799

10.476
13.818
4.618

1.680
0.064
0.075

7.717
13.722
4.388

17.007
13.959
4.740

CPI ¼ consumer price index, MNT ¼ togrog.
Source: Real estate agency survey conducted by Tenkhleg Zuuch LLC.
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Table A.2. Augmented Dickey–Fuller Test for Unit Root
Test for Level Variable
H 0 : The Variable Has a Unit Root
ln(real overall HPI)
ln(real HPI for properties
of up to 80 square meters)
ln(real HPI with time dummy)
Mortgage interest rate
ln(CPI)
ln(real income)

Test for Differenced Variable

t-Statistic

Prob

t-Statistic

Prob

2.090
2.403

0.542
0.375

7.748
7.241

0.000***
0.000***

2.473
2.957
1.887
0.725

0.340
0.152
0.651
0.967

7.134
6.939
4.857
4.415

0.000***
0.000***
0.000***
0.001***

CPI ¼ consumer price index, HPI ¼ housing price index.
Notes: ***denotes level of signiﬁcance at 1%. Tests for levels data are computed from regressions with a
constant and trend, while differenced data are computed from regressions with only a constant term.
Source: Authors’ calculations.

Table A.3.
Lag

LogL

LR

Lag Selection Criteria
FPE

AIC

SBIC

HQIC

Sample: Jan 2013–Sep 2018
(i) VAR with ln(real overall HPI), ln(CPI), ln(real income), and MIR
1
NA
565.983
3.07e–13
17.460
16.916*
2
594.398
49.615
2.08e–13
17.854
16.765
3
610.693
26.381
2.09e–13
17.863
16.230
4
629.280
27.734
1.98e–13
17.945
15.768
5
649.776
27.979*
1.79e–13*
18.088*
15.367
6
658.701
11.049
2.41e–13
17.864
14.598

17.246
17.426*
17.221
17.090
17.018
16.579

(ii) VAR with ln(real HPI for residential properties
ln(real income), and MIR
1
NA
576.757
2.18e–13
2
609.892
57.854
1.27e–13
3
636.416
42.944
9.24e–14
4
655.189
28.010*
8.69e–14*
5
671.608
22.413
8.97e–14
6
680.428
10.921
1.21e–13

17.588
18.038*
17.918
17.912
17.711
17.269

of up to 80 square meters), ln(CPI),
17.802
18.346
18.680
18.768
18.781*
18.553

(iii) VAR with ln(real HPI constructed with time dummy), ln(CPI),
1
NA
570.412
2.67e–13
17.600
2
602.224
55.544
1.62e–13*
18.102
3
616.355
22.879
1.75e–13
18.043
4
634.171
26.582*
1.69e–13
18.101
5
651.280
23.355
1.71e–13
18.136*
6
664.587
16.475
2.00e–13
18.050

17.258*
17.257
17.047
16.591
16.060
15.288

ln(real income), and MIR
17.056*
17.386
17.014
17.674*
16.410
17.401
15.924
17.244
15.414
17.066
14.785
16.766

AIC ¼ Akaike information criterion, CPI ¼ consumer price index, FPE ¼ final prediction error,
HPI ¼ housing price index, HQIC ¼ Hannan–Quinn information criterion, LR ¼ sequentially
modiﬁed likelihood ratio test statistic (each test at 5% level), MIR ¼ mortgage interest rate, SBIC ¼
Schwarz Bayesian information criterion, VAR ¼ vector autoregression.
Note: * indicates lag order selected by the criterion.
Source: Authors’ calculations.
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Table A.4. Johansen Cointegration Test Results
Cointegration Equation Includes Constant
Trace Test
H 0 : Number of CE(s)*

Statistics

Critical Value (At 5%)

Eigenvalue Test
Statistics

Critical Value (At 5%)

(i) VECM(1) with overall HPI: ln(real overall HPI), ln(CPI), ln(real income), and MIR
None
55.452*
47.856
28.937*
27.584
At most 1
26.516
29.797
18.428
21.132
At most 2
8.088
15.498
6.709
14.267
At most 3
1.379
3.842
1.3791
3.842
(ii) VECM(1) with HPI for properties of up to 80 m 2 : ln(real HPI for properties of up to 80 m 2 ),
ln(CPI), ln(real income), and MIR
None
63.965*
47.856
36.715*
27.584
At most 1
27.250
29.797
17.886
21.132
At most 2
9.364
15.495
7.650
14.265
At most 3
1.714
3.842
1.714
3.842
(iii) VECM(1) with HPI with time dummy: ln(real HPI with time dummy), ln(CPI), ln(real income),
and MIR
None
62.537*
47.856
36.072*
27.584
At most 1
26.465
29.797
18.024
21.132
At most 2
8.440
15.495
6.833
14.265
At most 3
1.607
3.841
1.607
3.842
CE ¼ cointegration equation, CPI ¼ consumer price index, HPI ¼ housing price index, MIR ¼ mortgage
interest rate, VECM ¼ vector error correction model.
Notes: For all three versions, both trace and maximum eigenvalue tests indicate one cointegrating
equation(s) at the 0.05 level. * denotes rejection of the hypothesis at the 5% level.
Source: Authors’ calculations.

Table A.5.

Testing for Weak Exogeneity of Variables

(i) VECM(1) with overall HPI: ln(real overall HPI), ln(CPI), ln(real income), and MIR
H0 : The variable is weakly exogenous
ln(real overall HPI)
ln(CPI)
ln(real income)
MIR
LR test statistics
χ 2 (1) ¼ 8:69
χ 2 (1) ¼ 0:75
χ 2 (1) ¼ 4:35
χ 2 (1) ¼ 0:72
[p-value]
[0:003]
[0:388]
[0:049]
[0:398]
(ii) VECM(1) with HPI for properties of up to 80 square meters: ln(real HPI for properties of up to
80 square meters), ln(CPI), ln(real income), and MIR
H0 : The variable is weakly exogenous
ln(HPI properties of up to
80 square meters)
ln(CPI)
ln(real income)
MIR
LR test statistics
χ 2 (1) ¼ 13:59
χ 2 (1) ¼ 0:16
χ 2 (1) ¼ 4:45
χ 2 (1) ¼ 1:79
[p-value]
[0:000]
[0:692]
[0:035]
[0:181]

Continued.
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Table A.5. Continued.
(iii) VECM(1) with HPI with time dummy: ln(real HPI with time dummy), ln(CPI), ln(real income),
and MIR
H0 : The variable is weakly exogenous
ln(HPI time dummy)
ln(CPI)
ln(real income)
MIR
LR test statistics
χ 2 (1) ¼ 13:31
χ 2 (1) ¼ 0:12
χ 2 (1) ¼ 4:00
χ 2 (1) ¼ 1:65
[p-value]
[0:000]
[0:734]
[0:046]
[0:199]
CPI ¼ consumer price index, HPI ¼ housing price index, LR ¼ likelihood ratio, MIR ¼ mortgage interest
rate, VECM ¼ vector error correction model.
Note: The p-values in brackets represent the probability of the null hypothesis.
Source: Authors’ calculations.
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