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Seasonal Labor Mobility in the Pacific:
Past Impacts, Future Prospects
John Gibson and Rochelle-Lee Bailey∗

The Pacific islands have weak economic growth and limited structural change
compared to the rest of developing Asia. Remoteness and low economic density
are two causes. To mitigate these constraints, bilateral arrangements with
Australia and New Zealand let Pacific workers seasonally migrate to access
higher-paying, more dynamic labor markets. Managed circular schemes are
designed to benefit employers in labor-intensive sectors like horticulture, Pacific
workers with limited employment opportunities in their own countries, and the
communities providing workers. Several studies show large, positive impacts,
but more general development impacts have been harder to find. Likewise, clear
quantitative evidence of positive impacts in host countries has been hard to
obtain. In this paper, we review the main seasonal labor mobility schemes in the
Pacific and provide new evidence on community-level and aggregate impacts.
Keywords: development impacts, labor mobility, Pacific economies, seasonal
migration
JEL codes: F22, J61, O12

I. Introduction

The island economies in the Pacific have experienced weak economic growth
and limited structural change compared to the typical economy in the rest of
developing Asia.1 Remoteness from major centers of population and economic
activity, and low economic density, have contributed to these poor outcomes
(Gibson 2007). To mitigate the impact of these constraints, bilateral arrangements
with Australia and New Zealand over the last decade have given workers
from these countries an opportunity to use seasonal labor migration to access
higher-paying, more dynamic and diverse labor markets. These managed circular
migration schemes are designed to benefit employers in labor-intensive sectors,
∗
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the workers from the Pacific that have limited opportunities for wage-earning
employment in their own countries, and the communities that send the workers.
As seen around the world, any discussion of temporary migration programs
can become highly charged in public debate due to the issues of human
trafficking, overstaying and other forms of illegal migration, employer exploitation
of immigrants, and misunderstandings stemming from differences in cultural and
legal traditions between source and host countries. Yet, labor mobility has played
a key role in ensuring efficient and equitable development, particularly when
youthful populations—such as in Melanesian countries like Papua New Guinea
and Vanuatu—are adjacent to countries like Australia, New Zealand, and many
Asian countries with aging populations. The recently introduced seasonal migration
schemes recognize the need to let employers in the labor-intensive accommodation,
agriculture, horticulture, and viticulture (wine) industries recruit workers from
Pacific countries for several months per year, letting workers who comply with
migration regulations return for future seasons. A balance between the needs of
these industries for seasonal labor to help expand production and exports, and the
need to provide employment opportunities for workers from the Pacific, all while
preserving border integrity, is central to these schemes.
In the next section, we provide a detailed background to the development
of these seasonal migration programs, discussing how they have evolved and the
contrasts between the experiences of Australia and New Zealand. In section III,
we analyze the impacts of the largest of these schemes, the Recognised Seasonal
Employer (RSE) program in New Zealand and the corresponding Seasonal Work
Program (SWP) in Australia. We then review the impacts of the RSE and of the
SWP on economic development in the Pacific in section IV. Our review covers
a variety of studies that differ in their degree of empirical rigor, ranging from
detailed household survey data with carefully constructed counterfactuals to more
aggregated, community-level, cross-sectional census data and cross-country panel
analyses. Yet, even with this variation in the strength of the evidence, consistent
themes emerge to suggest positive impacts of these circular, seasonal migration
schemes on both the source areas and the hosts. In section V, we then examine
sustainability of these programs and the opportunities and challenges that we
foresee, taking account of forecast demographic changes in East and Southeast Asia,
Australia and New Zealand, and the Pacific. Finally, we conclude in section VI.

II. The Origin, Development, and Evolution of These Schemes
New Zealand

New Zealand’s horticultural industry has grown rapidly, with exports rising
from just NZ$200 million in 1991 to NZ$3.4 billion by 2017, becoming the
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country’s fourth-largest goods export industry behind dairy, meat, and wood.2 The
wine industry has also grown rapidly, from NZ$300 million in exports in 2004 to
NZ$1.8 billion in 2018, making it the fifth-largest goods export industry.3 Almost
70,000 workers are needed by these industries at peak times of the year to pick
and pack fruit, and prune and prepare trees and vines for the next season, with
about a 6:1 ratio of workers in horticulture to those in viticulture. Labor demand
has grown strongly in these industries due to expansion over the last decade, with
earlier estimates of peak labor needs of only about 50,000 workers (Ramasamy et al.
2008).
Historically, employers in these industries used local casual workers,
backpackers, and migrants coming through various temporary work schemes to
help carry out these tasks. The industry’s rapid growth, plus low unemployment and
high labor force participation rates in New Zealand, meant that by the middle of the
2000s employers increasingly had trouble obtaining enough workers in peak times.4
In addition to concerns about numbers, there were concerns over worker quality,
with high rates of worker turnover resulting in few opportunities for sustained
training, and poor-quality work reducing the value of exports. As an export-oriented
industry, overseas codes of practice for treatment of workers also mattered to
employers, as concerns about potential exploitation of a workforce largely made up
of temporary and migrant workers with little bargaining power could affect market
access.
In response, in 2004 the Government of New Zealand introduced ad hoc
arrangements to let employers recruit migrant labor on seasonal work permits
during the 2005/06 season, while forming a more comprehensive policy response,
which eventually became the RSE scheme. Almost 2,000 workers were hired under
such arrangements in the 2005/06 financial year, with about 80 workers from the
Pacific (Gregory 2006). At the same time, governments of Pacific island countries
were pressing for more openings for unskilled and low-skilled migrants in Australia
and New Zealand, whose migration policies prioritized skilled migrants and thereby
provided fewer opportunities for Pacific workers compared to previously. Relatedly,
a major World Bank (2006) report on mobility in the Pacific noted how the small and
remote countries in the region with growing youth populations would struggle to
provide sufficient jobs. The report highlighted the potential gains from greater labor
mobility so that Pacific workers could move to countries with greater economic
density.
2
See http://www.hortnz.co.nz/assets/Annual-Report/HortNZ-Annual-Report-2018.pdf (accessed January 6,
2019). In 2018, the average market exchange rate was NZ$1 = $0.69. The long-run average from 2007, when the
RSE began, to 2018 was NZ$1 = $0.74. For the same period, the average was A$1 = $0.86.
3
See https://www.nzwine.com/en/news-media/statistics-reports/new-zealand-winegrowers-annual-report/
(accessed January 6, 2019).
4
Culling and Skilling (2018) report that New Zealand’s labor force participation rate rose from 65% in 2000
to 71% in 2017; the fifth-largest increase in the Organisation for Economic Co-operation and Development (OECD)
during the review period.
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The World Bank went beyond report-writing and ran a small pilot of 45
seasonal workers under the ad hoc arrangements put in place in 2005/06 to test
the recruitment of workers from Vanuatu (Luthria and Malaulau 2013). Prior to
this, Vanuatu had almost no existing diaspora, with just a few hundred people
born in Vanuatu recorded in the censuses of either Australia or New Zealand
(compared to 51,000 Fiji-born; 38,000 Samoa-born; and 21,000 Tonga-born in the
2006 New Zealand census). The 45 workers from Vanuatu recruited for the pilot and
hired by the Seasonal Solutions Cooperative Ltd. (SSCO) in Central Otago were
predominately from the rural islands of Ambrym and Tanna. This pilot showed that
recruitment was possible, even from a country with little experience of international
migration, and helped cement ties that led to Vanuatu becoming New Zealand’s
largest supplier of seasonal workers. The year after the successful pilot, in 2006/07,
SSCO employed 232 RSE workers from Vanuatu. Since then, the employment of
workers from Vanuatu by SSCO has increased over 400%; in the latest full year
of the RSE (from July 2017 to June 2018), there were 1,244 RSE workers from
Vanuatu employed by SSCO, comprising 28% of the RSE workers from that country
in New Zealand in that year.
The success of the pilot and experiences with the ad hoc arrangements were
monitored by a working group from industry, government, and labor unions. From
this, the RSE program was announced on 25 October 2006 and officially launched
on 30 April 2007. From the outset, a specific objective was to encourage economic
development in the Pacific. Under this program, workers are issued a visa that
allows temporary migration for work in the horticulture and viticulture industries
for a maximum of 7 months in any 11-month period (or 9 months for workers from
Kiribati and Tuvalu, who face higher travel costs given their remote north Pacific
locations), although in practice most contracts are for 6 months or less. The workers
must be recruited by a recognized approved employer—one whose “Application to
Recruit” was approved by authorities—who pays half of the return airfare; offers at
least 240 hours of work at market wages; provides accommodation, transportation,
and pastoral care; and is required to pay the costs associated with worker removal
from New Zealand if workers overstay their visa and become illegal immigrants.
Subject to complying with migration regulations, the workers may be reemployed
in subsequent years, either with the same or a new employer.
A “New Zealanders first” principle requires employers to first lodge
vacancies with the Ministry of Social Development, which provides welfare benefits
and job search services for New Zealand residents, before attempting to recruit
offshore. Then, preference is given to recruiting workers from Pacific Forum
member countries.5 Employers can only recruit from outside members of the Pacific
5
The Pacific Forum comprises 18 members: Australia, the Cook Islands, the Federated States of Micronesia,
Fiji, French Polynesia, Kiribati, Nauru, New Caledonia, New Zealand, Niue, Palau, Papua New Guinea, the Marshall
Islands, Samoa, Solomon Islands, Tonga, Tuvalu, and Vanuatu. At the time of the RSE program’s launch, Fiji was
ineligible to participate as a sanction in response to a recent coup d’état.
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Figure 1. Composition of Recognised Seasonal Employer Workers by Country
of Recruitment (%)

PNG = Papua New Guinea, RSE = Recognised Seasonal Employer.
Source: Author’s calculations based on George Rarere. 2018. Data presented at the Ministry of Business, Innovation
and Employment RSE Conference. Tauranga.

Forum if it can show (i) reasonable attempts to recruit from member countries
have been unsuccessful, (ii) preestablished relationships with workers from other
countries, or (iii) otherwise reasonable grounds why it is not feasible to recruit from
Pacific Forum member countries.
The composition of the RSE workforce, in terms of supplying countries,
is shown in Figure 1. The left-hand panel is for the total across the first 11
seasons; a season runs from July until June of the following year. The largest
suppliers have been Vanuatu (38%), Tonga (19%), and Samoa (16%), along with
the combined supply from Asian countries—especially Indonesia, Malaysia, and
Thailand—comprising 18%. The workforce supply from these Asian sources
reflects pre-RSE arrangements and is of declining importance, as seen in the panel
on the right-hand side with the latest season’s composition; in the most recent year,
workers from Asian countries were just 13% of the total. A reduced share of workers
from Asia has enabled slight increases in the 2017/18 season in the respective shares
from Vanuatu to 40%; Solomon Islands to 6%; and Fiji, which was admitted to the
scheme in the 2014/15 season, to 3%.
Especially in the first year of the program, many employers recruited from
a “work-ready pool” of workers prescreened and selected by labor ministries
in sending countries. For example, more than 5,000 Tongans registered for the
work-ready pool within the first 3 months of the program (Gibson, McKenzie, and
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Rohorua 2008), with local officials and community leaders prescreening candidates.
Employers then indicated the number of workers needed, any requirements (such as
height), and if they would prefer nominees all from a single district in order to
establish a community linkage, or if they would prefer to select nominees across
different districts, with the Tongan authorities then providing a shortlist that they
could select from. The second method of recruitment was through agents, who
were responsible for screening and selecting the workers. This process has been
used most extensively in Vanuatu (and subsequently in Solomon Islands) where the
government licenses agents, who are only meant to charge the employers and not
the workers for their services (McKenzie, Martinez, and Winters 2008). The third
method was direct recruitment by employers, which became more important once
employers participated in the RSE for several years and started to develop contacts
in supplying regions.
Since 2009, the RSE has also allowed employers who need workers for a
peak harvest time that is shorter than the requirements of the program to join
together to submit joint applications to recruit. For example, a worker may first
be employed by one grower to pick apples for 2 months, then a second employer
may hire them for 3 months to work on their kiwifruit orchard. This significant
change increased the number of RSE workers employed, as it provided smaller
and more specialized enterprises the opportunity to participate in RSE (Bailey and
Bedford 2018). Relatedly, in several cases, grower cooperatives such as SSCO have
registered as an RSE, and the workers can then be placed by the cooperative in
several farms or orchards over the recruitment period.
When the RSE was introduced, there was an initial annual cap of 5,000
visas per year (July–June). This was raised to 8,000 in October 2008 and to 9,000
in November 2014, with small increases of between 500 and 1,000 subsequently
announced over the next 4 years. Most recently, in November 2018, the cap was
raised to 12,850. Figure 2 shows how actual arrivals each season compare with the
cap. The Application to Recruit can be lodged anytime, and the arrivals can come
throughout the year. Therefore, an annual total may be higher than what was the cap
at the beginning of the year, but by the time of the newly raised cap at the end of
the year, the annual total number of arrivals is below the cap. In general, the cap
has been quite flexible in accommodating the threefold increase in the number of
RSE workers, which was over 11,000 in the most recently completed year (July
2017–June 2018), compared to just over 4,000 workers in the program’s first
year. New Zealand’s labor force has grown rapidly in recent years, driven by
higher migration and rising participation rates, so RSE workers as a share of total
employment have doubled (rather than tripled), going from 0.21% in 2007 to 0.42%
by 2018.
A key feature of the RSE is that workers may return in subsequent seasons.
This incentivizes workers to return home at the end of each season, and so
overstaying rates have generally been less than 1% (Gibson and McKenzie 2014b).

Seasonal Labor Mobility in the Pacific 7
Figure 2. Recognised Seasonal Employer Cap and Number of Worker Arrivals Each Year

Note: An annual season begins in July and ends in June of the following calendar year.
Source: Ministry of Business, Innovation and Employment (New Zealand).

This circularity also helps employers because they can benefit in subsequent seasons
from the training they give to workers in the current season. Circularity was
examined by Merwood (2012) using administrative data that showed that over the
first four seasons, approximately half the workers returned to work in the next
season, typically for the same employer. For example, 52.2% of workers from the
first year (2007/08) returned to work in the RSE the next year (2008/09), and 86.1%
of these did so by returning to work for the same employer. In an update that studied
the sixth RSE season (2012/13), Gibson and McKenzie (2014b) found that 31% of
the RSE workers were in their first year of the program, 22% in their second year,
16% in their third, and 31% in their fourth or higher season. While it is rare in
these programs for workers to continually participate for over a decade, out of the
45 workers from the pilot program, nine were still participating at the time of the
World Bank pilot project’s 10-year anniversary in December 2016.6
Australia

In 2008, Australia introduced the Pacific Seasonal Worker Pilot Scheme
(PSWPS). This scheme is like the RSE, with the main differences concerning
6
Another way to consider the incidence of continuous participation is that out of the original 22 participants
in an RSE workers’ longevity study covering the period from 2007 to 2018, of which 11 had participated in the
World Bank pilot, nine workers still participated in the scheme in the 2017/18 season, with seven of the nine having
participated every year since 2007.
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Figure 3. Number of Seasonal Worker Programme Visas Issued Each Season

Source: Department of Education, Skills and Employment (Australia).

recruiting practices and the numbers of seasonal workers granted work visas during
the pilot phase (2008–2012). During the first 2 years of the pilot, fewer than
100 Pacific workers were recruited per year. It was not until 2011 that more
than 200 workers were recruited, mostly from Tonga. Gibson, McKenzie, and
Rohorua (2014) characterize this difference between the two schemes as the RSE
providing an opportunity for workers to earn an income, but no guarantee of making
an economic surplus from participation. In contrast, the PSWPS had a higher
minimum work threshold that provided more of a guarantee of making an economic
surplus, but this also made Australia’s pilot scheme less flexible and therefore more
expensive for employers, which limited opportunities for would-be Pacific seasonal
workers to be employed under this scheme.
Other reasons for the slow uptake during the pilot phase of the PSWPS
are discussed by Hay and Howes (2012) and include greater availability of
low-cost substitutes in Australia, such as illegal migrants and working
holidaymakers. Curtain et al. (2018) also note that the RSE is more employer driven.
In 2012, the pilot was renamed the Seasonal Worker Programme (SWP). Although
having started slowly in numbers, it is now significantly increasing year-on-year
and is becoming of comparable (absolute) scale as the RSE (Figure 3). The source
of the workers is also diversifying: Tonga and Vanuatu now supply about 80% of
the workers, Samoa and Timor-Leste each provide almost 10%, and some other
countries have smaller shares.

Seasonal Labor Mobility in the Pacific 9

As mentioned earlier, throughout the Pacific there are a number of labor
mobility recruitment models, such as work-ready pools set up in supplying countries
and from which employers can draw workers; direct recruitment, where employers
themselves or via one of their team leaders recruit directly; and the private sector
agent model. In Vanuatu, the largest sending country in the SWP, the agent model
is mostly utilized, and it also seems more common in supplying Australia’s SWP
than for New Zealand’s RSE. The two main reasons given for this are that (i) New
Zealand growers prefer the direct recruitment model, where they also employ their
team leaders to assist in recruitment; and (ii) the governance structure of Australia’s
SWP, which uses registered contractors in the recruitment process, favors the agent
model. For the SWP, in most cases, workers are recruited and trained by licensed
agents in Vanuatu to be ready for Australian contracting companies to place them
with employers. However, previous strict recruitment practices have been relaxed
for the SWP and now allow growers and other employers to recruit directly.
Australia’s horticultural industry largely concentrates on the domestic market
rather than relying on exports, which is in contrast to the situation for New Zealand.
For example, horticulture exports in 2017/18 were just A$2.4 billion, relative
to overall agriculture and horticulture sector exports of about A$47 billion. The
National Farmers Federation has set a roadmap for Australian agriculture to become
a A$100 billion industry by 2030. An expanded labor force is necessary to achieve
this target, as the National Farmers Federation reported: “Australian agriculture
faces an immediate shortfall in excess of 101,000 fulltime equivalent workers”
(National Farmers Federation 2018, 27). Therefore, a focus of the roadmap is on
opportunities for local populations to be employed, as well as tapping into the
international labor market. As it stands, there will be a strong reliance on other
forms of labor such as backpackers and SWP workers to achieve the roadmap’s
objectives. Additional considerations in addressing future labor challenges in
Australian agriculture are highlighted in a comprehensive report by Howes et al.
(2019).7
III. Impacts on Host Countries

We start our review of the evidence on impacts on host countries with a
caveat, which is that this evidence is mainly from case studies, qualitative surveys,
and cross-country regressions. In contrast, at least some of the evidence on impacts
in source areas is from detailed household survey data with carefully constructed
counterfactuals, so there may be an apparent asymmetry in the strength of the
empirical evidence. One contributing factor is that, notwithstanding the important
7
See https://sydney.edu.au/content/dam/corporate/documents/business-school/research/work-and-organisati
onal-studies/towards-a-durable-future-report.pdf (accessed March 25, 2019).
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role of governments in initiating these seasonal migration schemes, they are
private-sector driven. Many of the employing enterprises are relatively small, with
less than 30 employees, and they care about the composition of their workforce.
Consequently, research designs such as the random allocation of migrant seasonal
workers—to get stronger evidence on their productivity effects—would not be
feasible.
New Zealand

Firms in New Zealand’s horticulture and viticulture sectors note that having
access to a stable and predictable workforce with lower worker turnover is a key
benefit of the RSE program. For example, even early in the life of the program,
employers reported productivity gains in the second year as returnee workers were
able to operate at a higher quality level (New Zealand Department of Labour 2010).
In annual employer surveys carried out as part of the ongoing monitoring of the
RSE program, at least 99% of surveyed employers each year (since 2010) agree
that participation in the program results in better quality and more productive
workers, while at least 97% each year agree that the RSE program gives them a more
stable seasonal workforce (Maguire and Johnson 2018). Over 80% of the surveyed
employers have expanded their operations, thereby also raising demand for local
workers, with 89% of the surveyed employers noting that their participation in the
RSE scheme has let them employ more New Zealand workers in addition to the
RSE workers.
Nevertheless, it has proven difficult for researchers to go from these
qualitative employer perceptions to quantitative evidence of higher productivity
and output. In part, this reflects the small size of many of the enterprises (median
employment is just 30 RSE workers), with not many detailed task-specific records
kept, and also the variability in returns each season due to climate and other external
factors and the complex range of tasks that seasonal workers carry out. The most
comprehensive evidence is from Gibson and McKenzie’s (2014b) three quantitative
case studies of productivity effects. The first, based on workers in a citrus orchard,
showed earnings premia of 10%, 13%, and 18% for RSE workers with 1, 2, and
3 years of prior experience, respectively, compared to first year RSE workers.
Relatedly, in an apple orchard in a different region, the second and third year
RSE workers were 21% more productive than first year RSE workers, 49%–65%
more productive than backpackers and New Zealand casual laborers, and 22%–25%
more productive than other New Zealand contract workers, even when compared
with New Zealand workers returning for multiple seasons. The third case study
provided evidence in terms of physical productivity rather than relying on earnings
to rule out earnings differences between different types of workers that may be due
to assignment to different tasks or differences in bargaining power, among other
factors. In terms of picking bins of mandarins during the same 7-day period in
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2011, the RSE workers picked an average of 54% more fruit per day than New
Zealand contract labor and 82% more per day than what backpackers and working
holidaymakers picked.
These microlevel productivity effects, and the expansion in planted areas
that the RSE program facilitated once growers were confident of having enough
workers, also show up in the aggregate data. We use the United Nations (UN)
Comtrade database to examine New Zealand’s annual horticulture and viticulture
exports as a share of total goods exports. We consider the period from 1993 to
2016, which reflects data availability in the UN Comtrade database and Food and
Agriculture Organization statistics (used for constructing control variables). In the
years since the RSE program was implemented, the export share for products from
the horticulture and viticulture sectors averages 6.1% of New Zealand’s total goods
exports, while in the 14 years before the program, this same share averaged just
4.3%. In terms of changes in these export shares over time, there is an annual trend
rate increase of 3.8% post-RSE (p = 0.03), while in the 14 years before the RSE
was in place, the trend rate of increase was just 1.8% (p = 0.01).8 Thus, a sector
that was already expanding in relative terms, where this expansion was one factor
contributing to labor shortages, was able to expand at twice the previous rate once
the RSE program began. This change in the composition of New Zealand’s exports
reflects the improved comparative advantage of these labor-intensive sectors.
To see if this rise in the share of exports from industries that have benefited
from the RSE program is also found with a more comprehensive econometric
model, we obtained UN Comtrade export data for each Organisation for Economic
Co-operation and Development (OECD) country, plus for any non-OECD country
that had at least a 0.5% share of global exports for New Zealand’s three main
horticulture and viticulture products (kiwifruit, apples, and wine).9 The advantage
of this cross-country panel analysis is that it can deal with any overall shift in global
demand toward horticulture and viticulture products (e.g., due to income effects or
dietary changes), which the New Zealand-specific analysis above could not rule
out. We use fixed effects for each of the 46 economies with data available and fixed
effects for each year (from 1993 to 2016). The time-varying control variables are
the growth rates of real gross domestic product (GDP) per capita (in United States
dollars); population growth rate; and logarithms of real GDP per capita, agricultural
area, and population (where the control variables are all from Food and Agriculture
Organization statistics). Our treatment variable is a dummy variable, RSE, that
equals 1 for New Zealand in the years from 2007 onward. With this econometric
model, we are examining the effect of the RSE on the share of exports that come
from the horticulture and viticulture sectors, allowing for changes in this share that
8
These time trends are from a semi-logarithmic regression, using Newey–West standard errors that are robust
to heteroscedasticity and autocorrelation (using a 1-year lag).
9
Using the 4-digit Harmonized System (HS), the categories are 0810 (“other fruit,” which includes kiwifruit,
the most valuable horticultural export); 0808 (“apples, pears, and quinces, fresh”); and 2204 (“wine of fresh grapes”).
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Table 1. Effects of the Recognised Seasonal Employer Program on New Zealand
Horticulture and Viticulture Exports
Share of Goods Exports
from Horticulture and
Viticulture Sectors
RSE
log real GDP per capita
log agricultural land area
log population
Population growth rate
Real GDP per capita
growth rate
Country fixed effects
Year fixed effects
p-value for F-statistic
(slopes = 0)

Value of Annual Exports
(real $) of HS codes
0808, 0810, and 2204

Coefficient

Std Error

p-value

Coefficient

Std Error

p-value

0.0172
−0.0087
0.0034
0.0288
−0.1755
−0.0016

0.0059
0.0035
0.0076
0.0099
0.1569
0.0130

0.004
0.013
0.661
0.004
0.263
0.901

667.05
−1157.84
−241.99
−519.43
−10319.82
118.72

224.71
133.06
289.20
375.25
5936.34
490.81

0.003
0.000
0.403
0.167
0.082
0.809

Yes
Yes
0.0095

Yes
Yes
0.0000

GDP = gross domestic product, HS = Harmonized System, RSE = Recognised Seasonal Employer.
Notes: Based on annual observations for a sample of 46 economies from 1993 to 2016 (n = 1,058) using United
Nations Comtrade data, with control variables from Food and Agriculture Organization Statistics.
Source: Authors’ calculations.

would have occurred anyway (based on the trends in this same share for the other
countries and the pre-RSE trends in this share for New Zealand).
The results in Table 1 show the share of goods exports from the horticulture
and wine industries is 1.7 percentage points higher for New Zealand in the period
with the RSE program operating (p = 0.004), all else being the same. In other words,
compared to the export shares for these products among other developed countries
and to those shares for other (non-OECD) exporters of horticulture and viticulture
products, and also allowing for factors that may affect exports (i.e., proxies for
the level of, and change in, local demand through GDP, population levels, and
growth rates, and for factors affecting supply such as agricultural area), in the
RSE period New Zealand has had a significantly higher share of exports from the
productive sectors that report that they have benefited from the higher quantity and
quality of seasonal labor that the RSE program allows. To ensure that this finding
of a significantly higher export share is not from the effects of any preexisting
trends in place before the RSE came into effect, we also conducted in-time placebo
tests where we considered the period up until 2007 (so the RSE logically could
not have any effect) and tested whether variables for pseudo-treatments starting
in either 2000, 2001, or 2002 showed the same effect that we saw in the table
of a significantly higher share of exports coming from the horticulture and wine
industries in the post-treatment period. We could find no such effects, with the
equivalent coefficients to what is the 1.7 percentage point treatment effect in Table 1
averaging just 0.007 across these three additional regressions, and these coefficients
always being statistically insignificant (with p-values averaging 0.34). Thus, even to
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the extent that evidence from cross-country data may not be as convincing to some
economists as is other evidence, one can reasonably infer from these results that
access to migrant seasonal labor under the RSE program has helped the targeted
sectors to expand.
As well as the relative effect of the RSE program helping move New
Zealand’s export portfolio toward horticulture and wine, the absolute effect—in
terms of the rise in the real value of exports from these sectors—is also of
interest. The second regression in Table 1 is for the real value of exports (in
United States dollars) for the combination of three 4-digit Harmonized System
headings (0808, 0810, and 2204) covering the major exports of kiwifruit, apples,
and wine, respectively. The combined value of New Zealand’s exports from these
sectors is $670 million per year higher (p = 0.003) in the period with the RSE
program, all else being the same. This accounts for country effects, year effects, and
time-varying control variables. Back-of-the-envelope calculations show the
plausibility of this estimate: the mean after-tax earnings of RSE workers reported by
Gibson and McKenzie (2014a) is NZ$12,000 per season; with over 10,000 current
RSE workers, that corresponds to a gross wage bill for RSE workers of about
NZ$200 million (allowing for income taxes and other payroll deductions). The
employers also face recruitment, transport, and pastoral care expenses, especially
in the setup phase, such as constructing housing blocks for RSE workers. If the sum
of the wage bill plus these labor-related costs totaled over $300 million per year, it
would be expected that the value of extra exports associated with the RSE should
be well over double this to enable a return to capital, land, management, and other
factors of production, and also allowing for the returns to other steps in the export
marketing chain beyond the growers and packers. Thus, an estimate of the increased
value of exports due to the RSE program of about NZ$1 billion at current exchange
rates seems reasonable.
Australia

Given the small numbers of SWP workers in Australia initially and the
lack of large-scale studies in the various states and industries employing seasonal
workers, gauging the contribution of SWP workers to growth in various sectors
is difficult. There is some evidence for fruit picking and also anecdotal evidence
provided by stakeholders. In 2017, the Australian Bureau of Agricultural and
Resource Economics and Sciences (ABARES) undertook a productivity study in
the horticulture industry, which entailed comparing Pacific SWP workers with
working holidaymakers. They found the productivity levels of SWP workers was
20% higher than those of working holidaymakers. Similar to RSE workers, returned
SWP workers were noted to be 15% more productive than first time SWP workers
(Zhao et al. 2018). An important difference between this report and a previous
ABARES study was that it included nonwage costs for seasonal workers (Leith and
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Davidson 2013), which is an important factor when growers hire Pacific seasonal
workers as they tend to cost more on these dimensions than do other sources of
labor.10 Like the RSE program, the ABARES study concluded that the SWP “offers
an opportunity for growers to increase their profitability” and argued for the SWP
to be further promoted to employers who struggled to source labor (ABARES
2018, 28).
IV. Economic Development Impacts in the Pacific
From Seasonal Work in New Zealand

The most complete analysis of the impacts of seasonal labor mobility on
households supplying workers is from Gibson and McKenzie (2014a). These
authors worked with officials at the time of the RSE program’s launch to identify
households with RSE workers, households with members of the work-ready pool
who had not yet been selected, and randomly selected households in the same
villages that had no applicants to the program. These baseline surveys took place
in late 2007 and early 2008 in Tonga and Vanuatu, which would become the two
largest suppliers of RSE workers, and entailed samples of about 450 households
in each country. There were reinterviews 6, 12, and 24 months later to create a
four-wave panel. The surveys collected detailed data on household income, diets
and expenditure, labor supply, subjective well-being, and the seasonal migration
experience.
To measure the impact of participating in the RSE program, Gibson
and McKenzie (2014a) used propensity score matching to identify a group of
households with RSE workers and a group of otherwise similar households
without—in terms of characteristics that communities and employers likely paid
attention to when selecting workers and characteristics that may affect the
decision of whether to apply. Using either difference-in-differences estimation on
prescreened samples (based on having propensity scores in the 0.1–0.9 range) or
panel data estimation with fixed effects for each household gave similar results. The
results in Table 2 show that, over a 2-year period, households participating in the
RSE program typically earn 35% more income than other observationally similar
households who did not supply RSE workers. Some of this extra income went to an
increase in expenditure, especially in Vanuatu, while household savings, dwelling
improvements, and bank account ownership also increased by significant margins.
The subjective standard of living (based on a randomly selected adult) was found to

10
“Non-wage labour costs include expenses incurred by employers and opportunity costs (such as time
commitments) associated with compliance and reporting on relevant regulations . . . worker reliability and the
increased need of staff training when turnover is high” (ABARES 2018, 3).
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Table 2. Household-Level Development Impacts of the Recognised
Seasonal Employer Program in Tonga and Vanuatu
Increase in per capita income
Increase in per capita expenditure
Increase in savings
Increase in subjective standard of living
Percentage point increase in dwelling improvements
Percentage point increase in bank account use

Tonga

Vanuatu

34%–38%
9%–10%
122%
0.45 sd
10–11
10–14

35%–43%
28%
181%
0.43–0.50 sd
7–8
17–18

sd = standard deviation.
Source: Gibson, John, and David McKenzie. 2014a. “The Development Impact of a Best
Practice Seasonal Worker Policy.” Review of Economics and Statistics 96 (2): 229–43.

increase by approximately the same amount (in terms of standard deviations) as the
increase in income.11
Gibson and McKenzie (2014a) scaled up these gains in income per
participating worker by the total number of participating workers to calculate
aggregate impacts of NZ$5.3 million in Tonga and NZ$9.7 million in Vanuatu in
the first 2 years of the RSE program. This was equivalent to 42%–47% of the total
annual bilateral aid from New Zealand to these countries and almost 50% of annual
export earnings for Tonga and 25% for Vanuatu. Using a one-off survey for Samoa
and administrative data on RSE average earnings by source country, the estimated
impacts in Samoa (the third-largest supplier of RSE workers) over the first 2 years
were about NZ$5 million. While this estimate is similar to that for Tonga, it is only
half as large in relative terms given the Samoan economy is roughly twice the size
of Tonga’s economy.
Aggregating across participants may understate development impacts if the
extra income from seasonal work increases local demand and stimulates new
economic activity. There is some evidence of seasonal work earnings supporting
formation of new businesses, with investments typically after workers have
participated for at least three seasons. Bailey’s (2014) case study of 22 RSE workers
from Vanuatu revealed that 67% invested in small businesses within a 3-year
period, and this rose to 71% over a 10-year period (Bailey 2018).12 Additionally,
seasonal workers provide start-up business funds for their spouses and wider family
and community networks, which is often omitted from participant-level studies.
In addition to business formation, and local demand effects (discussed further
11
A contrast with the impacts on left-behind household members of settlement migrants from Tonga to New
Zealand (with selection based on a random ballot) is provided by Gibson, McKenzie, and Stillman (2011). Reported
negative impacts from the loss of highly productive household members who settled in New Zealand may have been
a short-run effect, as a follow-up study a decade after the settlement migrants left showed no adverse effects on the
remaining family in Tonga, using the families of the unsuccessful entrants into the same migration ballots as the
counterfactual (Gibson et al. 2018). Likewise, a more mature, decade-old, migration ballot program in Samoa did not
show adverse consequences on the left-behind household members (Gibson, McKenzie, and Stillman 2013).
12
Relatedly, a survey of 280 households of SWP workers showed that 9.3% used some of their repatriated
earnings and remittances for small business investment (Bailey and Kautoke-Holani 2018).
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below), seasonal work earnings may directly contribute to community projects.
For example, Gibson and McKenzie (2014b) note that in Tonga, communities had
funded the local village water supply, street lighting, a school scholarship fund,
and community halls out of contributions from seasonal workers. Likewise, the
New Zealand Department of Labour (2010) noted that the Lolihor Development
Council—a consortium of 12 villages in North Ambrym, Vanuatu—required all
returning seasonal workers to contribute approximately NZ$150 a season toward
a community fund that then supports projects run by local women such as small
business initiatives and crop production, as well as a scholarship fund for local
children. These contributions and their use for development projects are discussed
in more detail by Bailey (2014).
A survey carried out among 460 households in Tonga in 2011 provides
corroborating evidence for the idea that local development benefits from seasonal
work participation may spill over to households that did not send workers. This
survey had 50 households that had (or currently) supplied workers to the RSE
program in New Zealand, 100 households supplying workers to the PSWPS in
Australia, and just over 300 households that had not supplied any workers. All
three groups reported large increases in subjective evaluation of their economic
living standards; a randomly selected adult (the one with the next birthday) in each
household was asked to place their household on a 10-step ladder, where step 1 has
the poorest people and step 10 the richest. They were also asked to report what step
they felt their household was on 2 years earlier, when participation in the seasonal
work schemes was much more limited. The means for each group are shown in
Figure 4 (with the error bars showing the 95% confidence intervals).
Households with direct experience of participating in the RSE program
report the highest subjective welfare levels, averaging 0.31 steps higher than other
households (with a standard error of the difference of 0.10). At three-eighths of
a standard deviation, this gap is a little smaller than that found by Gibson and
McKenzie (2014a) based on surveys in 2009. However, the most notable finding is
that all three groups of households, including those not supplying workers, recorded
significant increases in their subjective evaluation of their economic welfare from 2
years earlier, moving from about step 3, on average, to about step 5 at the time of
the survey.
Within the same survey, when the households supplying seasonal workers
were asked about the most important use of the money that they had earned from
working in Australia or New Zealand, two-thirds mentioned making improvements
or extensions to their homes. Much of this type of activity will generate local
demand for construction labor and materials. The next most common use of their
earnings was for school fees, while only 3% mentioned the purchases of vehicles or
durables, which are the forms of expenditure least likely to generate local demand.
Similarly, when households who did not participate in seasonal work were asked
about the main advantages to their community from the seasonal work programs,
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Figure 4. Changes in Economic Welfare in Tonga

NZ = New Zealand, PSWPS = Pacific Seasonal Worker Pilot Scheme, RSE = Recognised Seasonal Employer.
Source: Authors’ calculations.

housing construction was mentioned by almost two-thirds, improvements to local
farming and fishing by about one-sixth, and schooling and educational advantages
also by about one-sixth. Conversely, the main disadvantages that were seen by
these nonparticipants tended to be noneconomic, such as fewer people for church
activities, and the social impacts of extended family separations.
Some broader development impacts are also seen in 2016 census data from
Vanuatu, where identification of these impacts comes from highly uneven rates of
seasonal work participation across areas. Figure 5 illustrates the rate of working-age
individuals who have ever participated in seasonal work in either New Zealand or
Australia. (There is more than a 4:1 ratio of participating in seasonal work in New
Zealand rather than Australia; Figure A.1 and A.2 in the Appendix provide maps
for the participation rates separately for each country.) In some areas, almost 20%
of the working-age population has participated in seasonal work, but in others, less
than 1% has participated.
In Table 3, we report on regressions that relate these differing participation
rates to various welfare indicators available in the census. These areas (local
councils) had an average population just below 4,000 people in 2016, and so the
data are quite finely grained. For some of these indicators, we also have similar
data from the 2009 census and so we can examine how seasonal work participation
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Figure 5. Local Variation in Participation Rates for Seasonal Work in New Zealand
or Australia (%)

Note: This map was not produced by the cartography unit of the Asian Development Bank. The boundaries, colors,
denominations, and any other information shown on this map do not imply, on the part of the Asian Development
Bank, any judgment on the legal status of any territory, or any endorsement or acceptance of such boundaries, colors,
denominations, or information.
Source: Authors’ calculations.
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Table 3. Higher Rates of Seasonal Work Participation Associated with Improved Welfare
Indicators in Vanuatu

Welfare Indicator (Rates
for Local Council Areas)
Iron roof on dwelling

OLS Regression Coefficients
(Robust t-statistics) and R2

Beta Coefficients

Ever Worked Seasonally in

Ever Worked Seasonally in

NZ

Australia

3.262
19.904
(4.77)***
(3.23)***
R2
0.16
0.30
Bush material roof on
−3.296
−20.310
dwelling
(4.85)***
(3.14)***
R2
0.15
0.30
Walls mainly concrete or
1.908
7.870
brick
(4.53)***
(2.55)**
R2
0.22
0.19
Walls mainly traditional
−4.144
−21.946
material
(3.75)***
(4.73)***
R2
0.19
0.28
Lighting mainly from solar
2.567
4.804
panels
(1.24)
(4.35)***
R2
0.16
0.03
Lighting mainly from solar −3.109
−19.480
lamp(s)
(5.03)***
(4.12)***
2
R
0.16
0.33
Mobile phone users
1.356
7.488
(3.25)***
(3.67)***
R2
0.10
0.15
Internet users
0.605
8.489
(1.44)
(2.80)***
2
R
0.03
0.28
Own-business is main
0.931
2.673
household income
(1.73)*
(1.23)
0.04
0.02
Changes in welfare indicator between 2009 and 2016
Iron roof on dwelling
0.965
−0.891
(0.64)
(2.01)**
R2
0.05
0.00
Walls mainly concrete or
1.136
0.203
brick
(0.18)
(2.81)***
R2
0.17
0.00
Lighting mainly from solar
2.350
4.521
panels
(4.33)***
(1.39)
R2
0.16
0.03
Own-business is main
0.944
2.612
household income
(1.59)
(1.11)
0.04
0.02

Either
3.520
(3.80)***
0.22
−3.565
(3.70)***
0.22
1.898
(5.04)***
0.26
−4.329
(4.36)***
0.25
2.305
(3.92)***
0.16
−3.377
(4.83)***
0.23
1.430
(4.14)***
0.13
0.959
(1.92)*
0.07
0.876
(1.86)*
0.05
0.759
(1.60)***
0.04
0.945
(2.37)**
0.14
2.123
(4.07)***
0.16
0.886
(1.70)*
0.04

NZ

Australia

Either

0.40

0.55

0.47

−0.39

−0.55

−0.46

0.47

0.44

0.51

−0.44

−0.53

−0.50

0.40

0.17

0.39

−0.40

−0.57

−0.48

0.31

0.39

0.36

0.16

0.53

0.26

0.21

0.14

0.22

0.23

−0.05

0.20

0.40

0.02

0.37

0.40

0.17

0.39

0.20

0.12

0.20

NZ = New Zealand, OLS = ordinary least squares.
Notes: The sample size is 66 local council areas, regressions include a constant that is not reported, and t-statistics
from robust standard errors are in parentheses. *** , ** , * denote statistical significance at the 1%, 5%, and 10% levels,
respectively.
Source: Authors’ calculations.
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rates within a local council area affect temporal changes in the welfare indicator.
These differenced estimates let us rule out a concern that correlations between
wealth indicators and seasonal work participation rates reflect reverse causality,
which would occur if workers were selected from wealthier areas.
Local areas with higher participation rates in seasonal work have higher
proportions of dwellings with iron roofs and lower proportions with bush material
roofs. Iron roofs have not just greater weather-tightness and life expectancy, they
also help with harvesting rainwater to free up labor—typically labor completed by
women—that would otherwise be needed to fetch water from streams, wells, and
other sources that may be quite distant. A related trend is that dwellings are more
likely to have concrete or brick walls and less likely to have traditional material
walls when a higher proportion of the local working-age population has participated
in seasonal work. For these effects on dwelling attributes, a standard deviation
increase in local rates of participation in seasonal work leads to changes of about
0.4–0.5 standard deviations in the dwelling variables, with not much difference
between the effects of seasonal work in New Zealand versus Australia.13 In contrast,
having solar panels as the main source of lighting seems to be associated only with
the local participation rate for seasonal work in New Zealand but not Australia.14
This is consistent with reports of RSE workers purchasing solar equipment in New
Zealand and shipping it home in containers with their personal effects at the end of
the season. In contrast, most Vanuatu SWP workers in Australia, even when working
in regions near shipping ports, stated they did not get the same opportunity to ship
home equipment such as solar panels and other merchandise. Many RSE workers
who purchased solar equipment in New Zealand explained why they did not instead
purchase solar panels and accessories locally in Vanuatu as being related to the
quality of the products available locally.
There is also evidence of upgrading energy sources because local areas with
high rates of seasonal work participation have much lower rates of relying on solar
lamps as the main lighting source. These solar lamps are much smaller and provide
inferior light to what can be obtained from solar panels. Other changes that have
been observed qualitatively are that solar panels supplied by RSE workers have
replaced petrol-powered generators and created a new source of business in areas

13
A potential complication for interpreting patterns of dwelling-related variables is that almost one-third of
households in Vanuatu had dwellings destroyed by Cyclone Pam in March 2015. The destruction, and subsequent
rebuilding, may affect the types of roofs and walls (and whether solar panels are used), and could be related to
seasonal work participation rates if the cyclone damage reduced participation rates from some areas. In Appendix
Table A.1, we repeat some of the regressions reported in Table 3 but add a control for the proportion of households
in each council area that had dwellings destroyed. We find that the values for the seasonal work impacts are largely
the same as in Table 3.
14
The 2016 census asked about various sizes of solar panels. We aggregated the responses to aid
comparability with the 2009 census that had a single, all-inclusive question on solar. However, among the
disaggregated categories, it is whole-house 50-watt to 150-watt systems that are most positively affected by having
higher participation rates in seasonal work in New Zealand.
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with no supply of electricity, such as establishing a charging service for the mobile
phones and other devices that have become more widespread throughout the country
(Bailey 2014). Likewise, a Vanuatu journalist insisted to the second author that a
flight over Epi island would show the impacts of RSE workers and their solar panels:
“When you fly over Epi island it’s like flying over a miniature version of Port Vila.
The night sky is lit up with workers solar lighting.”
The other indicators in Table 3 suggest that higher rates of seasonal work
participation are associated with higher mobile phone usage and (for SWP only)
Internet usage. There is also less precisely estimated evidence for an increased
rate of own-account businesses as a household’s main income source, consistent
with the findings from Bailey and Kautoke-Holani (2018). This effect on business
activity is also seen in the differenced specification at the foot of Table 3; areas
with higher seasonal work participation rates saw own-account businesses become
more prevalent as the most important household income source between 2009 and
2016.15 The differenced specification also shows that the effect of RSE participation
on dwelling variables (e.g., iron roof, concrete walls, and lighting mainly from solar
panels) seen with the cross-sectional data is largely the same when the analysis is in
terms of changes. Thus, it is not the case that RSE workers were selected from areas
that had preexisting higher standards of dwellings and better sources of lighting.
Instead, the patterns seen with the 2016 data most likely reflect causal impacts of
RSE participation in improving dwelling quality.
From Seasonal Work in Australia

The small size of Australia’s scheme over most of its lifetime—
proportionately it should be more than five times larger than the New Zealand
scheme given the relative size of Australia’s economy and population—is shown in
a calculation made by Gibson and McKenzie (2011) when evaluating benefits that
Kiribati, Tonga, and Vanuatu gained from supplying workers to the pilot Australian
scheme. Even though the income gains for households supplying workers to
the Australian SWP scheme were the same order of magnitude as for those
supplying workers to New Zealand’s RSE scheme (between 30% and 40% compared
with similar households not supplying workers), aggregate gains were just 3%
of those for the RSE program at that time because of the very small scale of
Australia’s scheme. Notably, during the multiyear pilot of the Australian scheme,
available spaces were undersubscribed (Hay and Howes 2012). However, substantial
changes were announced in June 2015, with the SWP becoming an uncapped
scheme and expanding beyond the original focus on horticulture to include the
aquaculture, cane, and cotton sectors within the broader agricultural industry.
15
The differenced specification is only available for income sources and dwelling-related variables because
questions related to mobile phones and the Internet were asked differently in 2009 and 2016.
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More recently, the scheme has been further expanded to accommodation industries
in specified locations (e.g., Northern Territory, Tropical North Queensland, and
Western Australia).
Building on the previous work from Gibson and McKenzie (2011), the World
Bank produced a report, Maximizing the Development Impacts from Temporary
Migration: Recommendations for Australia’s Seasonal Worker Programme (Doyle
and Sharma 2017). This report argued that many reforms have occurred for the
SWP that have allowed steady growth in seasonal worker numbers (2017), as
also shown in Figure 4. Doyle and Sharma (2017, 65–66) found “the savings
accrued . . . average to A$6,650 (per worker) across the programme. . . At the
aggregate level, the SWP has employed 17,230 Pacific Islanders since 2012 and
delivered approximately A$144 million in net gains to the region.” Similar to our
findings on the impacts on sending communities from RSE participation, there have
been noticeable development impacts from SWP participation at the individual,
household, and community levels.
Qualitative and quantitative research associated with these programs show
that priorities for seasonal workers, their families, and communities include
everyday consumables, purchasing land and building permanent material houses,
home improvements, school fees, and money for the community, church, and
customary needs. Investing incomes for business opportunities generally occurs
after 3 years of participation and the side effects of businesses investment can then
create a need to continue participating. For example, workers who obtain loans in
their home countries for the purchase of land and expensive capital items—such as
trucks, buses, and boats—return to Australia (and New Zealand) annually so that
seasonal work earnings can support the ongoing financing needs of these business
ventures (Bailey and Kautoke-Holani 2018).16
V. Future Prospects

The seasonal labor mobility opportunities provided by Australia and New
Zealand have had positive impacts in the Pacific to date, but a key question is
whether scope exists to expand these programs. One way to examine this issue
is with the ratio of seasonal workers to total employment in the host countries.
As noted above, RSE workers were 0.42% of total employment in New Zealand
in 2018. Applying this ratio to Australia’s total employment of 12.8 million,
there would be 54,000 SWP workers in Australia, rather than the actual number
of 8,457 in 2018. If New Zealand’s experience is considered unrealistic for
Australia—because the labor-intensive horticultural industry in Australia is less
16
Obtaining a loan prior to overseas seasonal work opportunities, and in the first few seasons of the RSE
program, was difficult, but access to loans has increased over time. A study examining loans approved to seasonal
and nonseasonal households would be useful.

Seasonal Labor Mobility in the Pacific 23

export focused, policy making is more fragmented, and migration issues are more
sensitive—then another benchmark is provided by Canada: a country of more
comparable size that has an even less labor-intensive and less seasonal primary
sector than Australia. The Seasonal Agricultural Worker Program in Canada has
been in place for 50 years and brings about 35,000 workers per year from Mexico
and the Caribbean (Canadian Agricultural Human Resource Council 2017), which
is equivalent to 0.2% of total employment in Canada. If this ratio were applied to
Australia, there would be 24,000 SWP workers. According to these metrics, there
seems scope for seasonal labor mobility opportunities to more than double—just for
Australia, New Zealand, and the Pacific—without even considering any broadening
of the sectors where seasonal workers can be employed.
In terms of broadening the sectoral focus, the Government of New Zealand is
exploring new industries that could employ temporary workers from Pacific island
states, such as construction and fisheries. Moreover, other industries such as forestry
and dairy have also been lobbying for an overseas temporary workforce similar
to the RSE. The recent Pacific Trades Partnership that involved recruiting Pacific
workers for the post-earthquake Canterbury rebuild has been viewed positively for
its achievements thus far and has the potential for further expansion.17
In July 2018, Australia’s Pacific Labour Scheme (PLS) commenced. Like
the SWP, the PLS is open to Pacific countries and Timor-Leste. However, the key
difference is that it allows visas for low-skilled workers and semi-skilled workers
for a period of up to 3 years. Like the SWP, it includes work in the accommodation
and tourism sectors. However, this scheme also includes work in health care—such
as aged care, nonseasonal agriculture work, forestry, and fishing. The visa is for
up to 3 years, which is significantly higher than the 7-month visa for the RSE
program (except Kiribati and Tuvalu, which have 9-month visas) and the visa
period for the SWP, which increased to 9 months in 2018. An interesting difference
between the PLS and the SWP is that initial recruitment is solely conducted through
Pacific government employment units. The visa for the PLS, and now the SWP, is
multi-entry, giving employers and workers greater flexibility in immigration
processing. Given the new longer-term visa for workers, it is only a matter of
time before consideration of pathways to permanent residency for repeat workers,
such as those who move upward into supervisory positions, will be highlighted in
a discussion of these schemes. These pathways will be vital, especially for workers
from countries suffering climate and environmental damage. Labor migration is
not necessarily the answer to these problems, but it can assist in providing external
finance, relieving population pressures, and creating possible connections that help
to set up new transnational diaspora.

17
See http://www.scoop.co.nz/stories/ED1806/S00077/mbie-contracts-ara-to-assess-pacific-island-laborers.
htm (accessed May 13, 2019).
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Table 4. Forecast Changes in Working-Age Populations in Asia and the Pacific
Working-Age Population (Ages 15–64) in Millions
Economies
East and Southeast Asia
China, People’s Republic of
Japan
Thailand
Korea, Republic of
Taipei,China
Lao People’s Democratic Republic
Cambodia
Viet Nam
Malaysia
Myanmar
Philippines
Indonesia
Australasia
Australia
New Zealand
Melanesia and Timor-Leste
Fiji
Vanuatu
Solomon Islands
Timor-Leste
Papua New Guinea

2015

2050

1,581.6 1,433.6
1,014.8
814.9
78.1
55.6
49.1
37.9
37.0
26.8
17.4
12.3
4.2
6.3
10.0
14.5
65.7
70.6
21.3
27.9
35.0
42.3
64.3
100.3
173.1
213.3
18.8
23.5
15.8
20.1
3.0
3.4
6.5
12.2
0.6
0.6
0.2
0.3
0.3
0.7
0.7
1.5
4.7
9.1

Absolute Change

% Change

−148.0
−199.9
−22.5
−11.2
−10.2
−5.1
2.1
4.5
4.9
6.6
7.3
36.0
40.2
4.7
4.3
0.4
5.7
0.0
0.1
0.4
0.8
4.4

−9.4%
−19.7%
−28.8%
−22.8%
−27.6%
−29.3%
50.0%
45.0%
7.5%
31.0%
20.9%
56.0%
23.2%
25.0%
27.2%
13.3%
87.7%
0.0%
50.0%
133.3%
114.3%
93.6%

Note: Economies are listed in ascending order of their absolute change in working-age population from 2015
to 2050. Only countries in East and Southeast Asia with absolute changes exceeding 1 million are listed, but
the regional total includes all countries.
Source: Authors’ calculations from United Nations World Population Prospects: The 2017 Revision (medium
variant forecasts).

There may be even more scope for seasonal work in East and Southeast
Asia in the future. The next 30 years will see a large decline in the working-age
population in these regions, which can be expected to impact seasonal
labor-intensive activities. The working-age population (15–64 years) for Asian
Development Bank member economies in East and Southeast Asia is forecast to
decline by 150 million between 2015 and 2050 (Table 4).18 The largest source
of decline will be in the People’s Republic of China, where the working-age
population will fall by 200 million from 2015 to 2050. There will also be large
declines in Japan; Thailand; the Republic of Korea; and Taipei,China. While
Indonesia and the Philippines are forecast to each add about 40 million and 36
million people, respectively to their working-age population during the review
period—and Myanmar, Malaysia, Viet Nam, and Cambodia between 4 and 8 million

18
These estimates are based on medium variant country-level estimates in the UN’s World Population
Prospects: The 2017 Revision.
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each—the net effect will still be a decline that is equivalent to almost 10% of
the 2015 working-age population in East and Southeast Asia. Most countries in
the Pacific are too small and slow-growing to help supply this future labor deficit,
but scope exists from the rapidly growing populations of the Melanesian countries
and Timor-Leste. Between 2015 and 2050, these five countries are forecast to add
5.7 million people of working age: 4.4 million in Papua New Guinea, 0.8 million
in Timor-Leste, 0.4 million in Solomon Islands, 0.1 million in Vanuatu, and no
increase in Fiji.19
Moreover, a focus on national-level changes in the working-age population
misses opportunities that may arise for supplying seasonal labor in rural areas. For
example, even though the working-age population in Australia, New Zealand, and
the Pacific will continue growing between 2015 and 2050, by over one-quarter
for Australia and almost one-seventh for New Zealand, these figures disguise a
great deal of heterogeneity. Internal migration trends and local population dynamics
have already produced, and will continue to produce, declining working-age
populations in many regions in Australia and New Zealand. For example, Jackson
(2019) notes that while New Zealand’s overall working-age population rose 8%
from 2013 to 2018, for 29 out of 67 territorial authorities, which is the second
subnational level in New Zealand, the working-age population shrank. From 2013
to 2023, it is expected that 61% of New Zealand’s territorial authorities will see
their working-age populations decline (Jackson 2019). In these shrinking regions,
circular seasonal immigrants from the Pacific may help keep the local population
maintain public services, ensure ongoing demand for housing (given that the aging
local population will be moving out of private dwellings), and particularly may
be able to fill gaps in the local labor force. Given that the primary sector is more
important in regional economies than in cities, the comparative advantage of Pacific
migrants in less-skilled work—in comparison to skill-selected immigrants with
higher formal qualifications who are more likely to settle in cities—also suits the
industrial profile of regional economies.
VI. Conclusions

New labor mobility programs between Pacific island countries and Australia
and New Zealand have been beneficial for host countries in a number of ways.
Labor from the Pacific has not only assisted in filling shortages in labor-intensive
industries such as horticulture, but it has also increased productivity levels
compared with what was possible with traditional sources of seasonal labor.
Most community- and country-specific studies in the Pacific have shown positive
development outcomes for households supplying workers, their communities, and
19
The potential supply from the largest two countries, Papua New Guinea and Timor-Leste, is also noted in
an analysis of how migration may help close Asia’s emerging labor shortages (Kang and Magoncia 2016).
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their home countries, although more research is needed to examine the long-term
impacts of this seasonal labor migration. While the results reported here are specific
to these programs, features such as circularity, allowing smaller employers to jointly
recruit, and being agnostic to whether the employer is an orchardist or a labor hire
contractor, and the development of local mechanisms that enable households who
do not supply migrant workers to still see some benefits, could be usefully copied
in other settings.
Questions arising from these new labor migration opportunities revolve
around challenges and limitations, including what newer opportunities are on
the horizon and how will they fit with the management and sustainability of
existing programs without limiting potential economic developments. A number of
participating Pacific countries are currently asking these questions while preparing
new overseas labor mobility policy frameworks. Furthermore, the Government of
New Zealand is undertaking a review of the RSE program and its objectives to
explore any possible unintended negative outcomes in sending countries. Like
New Zealand, the newly established Pacific Labour Facility in Australia will also
be working on many of these issues in consultation with all stakeholders and
researchers. The viability of Pacific island countries in providing labor to meet new
and increased labor demands in Australia and New Zealand will have to consider
how these schemes impact the domestic availability of workers, their capacity to
supply such labor, and the economic and social impacts associated with labor
mobility. The sustainability of these seasonal migration programs will also depend
on the political climate surrounding regional labor mobility, and the positive and
constructive mutual relationships that enable employers to access these Pacific
workers, and for workers to access these employment opportunities.
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Appendix
Table A.1. Controlling for Cyclone Pam’s Destructiveness (and Rebuilding)
when Considering whether Higher Rates of Seasonal Work Participation
are Associated with Improved Housing Indicators

Welfare Indicator (and Covariates)
Iron roof on dwelling
Seasonal work participation rate
Cyclone Pam damage rate
R2
Bush material roof on dwelling
Seasonal work participation rate
Cyclone Pam damage rate
R2
Walls mainly concrete or brick
Seasonal work participation rate
Cyclone Pam damage rate
R2
Walls mainly traditional material
Seasonal work participation rate
Cyclone Pam damage rate
R2
Lighting mainly from solar panels
Seasonal work participation rate
Cyclone Pam damage rate
R2

OLS Regression Coefficients
(Robust t-statistics) and R2

Beta Coefficients

Ever Participated in
Seasonal Work in

Ever Participated in
Seasonal Work in

NZ

Either

NZ

3.268
(3.59)***
0.211
(2.13)**
0.28

0.36

0.55

0.44

−2.963
−20.205
−3.296
−0.35
(2.89)***
(5.20)*** (3.48)***
−0.231
−0.276
−0.225
(2.21)**
(2.93)*** (2.17)**
0.22
0.39
0.28

−0.55

−0.43

0.48

0.44

0.53

−3.826
−21.840
−4.071
−0.40
(3.59)***
(5.04)*** (4.21)***
−0.221
−0.279
−0.216
(1.85)*
(2.56)**
(1.83)*
0.24
0.35
0.30

−0.53

−0.47

0.17

0.39

2.949
(2.99)***
0.217
(2.16)**
0.22

1.976
(4.65)***
−0.047
(1.07)
0.23

2.575
(4.28)***
−0.006
(0.07)
0.16

Australia
19.804
(5.11)***
0.262
(2.90)***
0.39

7.876
(2.50)**
−0.016
(0.37)
0.20

4.790
(1.22)
0.036
(0.40)
0.03

1.954
(5.03)***
−0.047
(1.06)
0.28

2.308
(3.83)***
−0.002
(0.02)
0.16

0.40

Australia Either

NZ = New Zealand, OLS = ordinary least squares.
Notes: Sample size is 66 local council areas, regressions include a constant that is not reported, and t-statistics are
from robust standard errors in parentheses. *** , ** , * denote statistical significance at the 1%, 5%, and 10% levels,
respectively. The Cyclone Pam damage rate is the proportion of households that had dwellings completely destroyed
by the cyclone, which ranges from zero to 98% across the local councils, averaging 31%.
Source: Authors’ calculations.
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Figure A.1. Participation Rates for Seasonal Work in New Zealand (%)

Note: This map was not produced by the cartography unit of the Asian Development Bank. The boundaries, colors,
denominations, and any other information shown on this map do not imply, on the part of the Asian Development
Bank, any judgment on the legal status of any territory, or any endorsement or acceptance of such boundaries, colors,
denominations, or information.
Source: Authors’ calculations.
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Figure A.2. Participation Rates for Seasonal Work in Australia (%)

Note: This map was not produced by the cartography unit of the Asian Development Bank. The boundaries, colors,
denominations, and any other information shown on this map do not imply, on the part of the Asian Development
Bank, any judgment on the legal status of any territory, or any endorsement or acceptance of such boundaries, colors,
denominations, or information.
Source: Authors’ calculations.

Population Aging and the Three Demographic
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The present study first examines the trends in age structural shifts in selected
Asian economies over the period 1950–2050 and analyzes their impact on
economic growth in terms of the first and second demographic dividends
computed from the system of National Transfer Accounts. Then, using the
National Transfer Accounts, we analyze the effect of the age structural shifts
on the pattern of intergenerational transfers in Japan; the Republic of Korea;
and Taipei,China. A brief comparison of the results reveals that, in the
next few decades, the latter two are likely to follow in Japan’s footsteps by
increasing public transfers and asset reallocations, and by reducing familial
transfers, particularly among older persons. Next, we consider a newly defined
demographic dividend, which is generated through the use of the untapped work
capacity of healthy older persons and to which we refer as “the silver” or “the
third” demographic dividend. By drawing upon microlevel datasets obtained
from Japan and Malaysia, we calculate the magnitude of the impact of that
dividend on macroeconomic growth in each of the two economies, concluding
that while in Japan the expected effect is substantial, in Malaysia it will take
several decades before the country can enjoy comparable benefits.
Keywords: demographic dividends, intergenerational transfers, National
Transfer Accounts, population aging
JEL codes: J11, J14

I. Introduction

In the 20th century, the world population growth rate peaked in the latter
half of the 1960s. Since then, the tempo of growth has been continuously slowing
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down, owing to substantial fertility declines in a host of developed economies and
a growing number of developing economies. As a result, in the past few decades,
population aging has been observed on a worldwide basis.
In various parts of the world, population aging has been accompanied by the
rapid growth of elderly populations. In 2015, elderly persons aged 65 and over in
Asia accounted for 55% of the elderly population of the world as a whole, and this
proportion is projected to increase to more than 60% by 2050 (United Nations [UN]
2017). Moreover, the number of those aged 65 and over grew dramatically at 2.4%
per annum in the second half of the 20th century. The corresponding number for
the first half of the 21st century is even projected to increase to 2.6%. Furthermore,
in Asia the proportion of the elderly in the total population rose from 4% to 5.8%
over the period 1950–2000, and is expected to grow at an astonishing tempo in the
years to come and reach 17.8% by the middle of the 21st century (UN 2017).
In marked contrast, the proportion of Asia’s young persons aged 0–14 is
projected to continuously decline from its peak value of 41% in 1965 to 18% in
2050. Although the actual number of young people more than doubled in the latter
half of the 20th century, it is now expected to decrease—from 1.13 billion in 2000
to 0.95 billion in 2050—at an annual rate of 0.4%.
As far as Asia’s working-age population (those aged 15–64) is concerned, it
is expected to expand more than 4 times from 1950 to 2050, while its proportion in
the total population is anticipated to fluctuate between 56% and 68% over the same
period. However, the age composition of the productive population is projected
to undergo a substantial transformation over the period in question. During the
period 1950–1990, for example, the proportion of those aged 15–24 in Asia’s total
population oscillated between 17% and 20%. After having recorded a peak of 20%
in 1990, the proportion has been and will continue to be on a downward trend,
diminishing to 13% by 2050.
More importantly, within Asia, there have been considerable intereconomy
differences in the level and speed of population aging (Fu and Hughes 2009; Park,
Lee, and Mason 2012). In a number of Asian economies, unprecedented changes
in age structure have occurred or are under way. In some of these economies, the
rise in old-age dependency has created myriad formidable policy challenges, the
response to which is likely to seriously influence their economic growth, poverty,
intergenerational equity, and social welfare for decades to come. In other economies
of Asia, the child dependency ratio has been falling rapidly, generating an important
demographic bonus, and facilitating faster economic growth.
To analyze the impact of age structural shifts on numerous socioeconomic
aspects, conventional demographic indicators such as the total dependency ratio
are commonly employed (Komine and Kabe 2009, Cheung et al. 2004, Golini
2004). These widely used indicators are exclusively based on chronological age
distributions in which each individual is equally counted as one regardless of age.
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From an economic point of view, however, the level of production and the amount of
consumption vary with age, so weights adjusted by age-specific per capita income
and consumption need to be assigned to each age group. Taking into account
this important point, the present study draws heavily upon a newly developed,
comprehensive, analytical framework called the National Transfer Accounts (NTA)
for estimating consumption, production, and resource reallocations by age on a per
capita basis.
In section II of this paper, we review patterns of age compositional shifts in
Asia since 1950. In section III, we examine the impact of age compositional shifts
on economic growth using two approaches: (i) conventional demographic indicators
and (ii) the NTA framework. In the first approach, the economic benefit of the youth
bulge induced by fertility declines is called “the demographic bonus,” while in the
second it is referred to as “the first demographic dividend.” In section IV, we use the
NTA model to analyze a key economic challenge for aging populations, which is
how to provide for old-age consumption in the face of substantially reduced income.
In some societies, this challenge is met by relying on intergenerational transfer
systems (either public programs or familial support systems). In others, the response
consists of increasing saving rates and accumulating greater physical wealth or
capital. It is in this latter response that prospects for more rapid economic growth
are enhanced, and this pro-growth mechanism is called “the second demographic
dividend.” Furthermore, we continuously employ the NTA framework to shed light
on how intergenerational transfer patterns change in the process of age structural
transformations. In section V, we turn our attention from the system of NTA to an
analysis of a newly defined demographic dividend, which is generated through the
use of the untapped work capacity of healthy older persons. In the present study,
this newly measured demographic dividend is labelled as “the silver demographic
dividend.” We might as well call it “the third demographic dividend” to distinguish
it from the two demographic dividends directly computed from the NTA system.
This paper contains the following: (i) a brief review of Asia’s changing
demographic landscape, with emphasis on age structural transformations among
selected Asian economies; (ii) a succinct description of the NTA model to
facilitate the analysis that follows in the remainder of the paper; (iii) an
in-depth discussion of the demographic transition and its relationship to the first and
second demographic dividends, utilizing the cross-sectional results for 12 selected
Asian economies computed from the NTA system; (iv) a comparative analysis
of changing intergenerational transfer patterns in three rapidly aging East Asian
economies (Japan; the Republic of Korea; and Taipei,China); and (v) a quantitative
measurement of the potential work capacity among older workers (i.e., “the silver
demographic dividend” or “the third demographic dividend”) based on microlevel
data analyses for Japan and Malaysia. The final section of the paper summarizes the
major findings of the study.
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II. Rapidly Changing Age Compositional Shifts in Asia: 1950–2050

In 2015, Asia’s total population exceeded 4.4 billion people, which is
approximately 2.3 times larger than the population observed in 1965 (UN
2017). The annual growth rate of the population in Asia, however, has declined
continuously during the past 4 decades. After peaking at 2.45% from 1965 to 1970,
the region’s annual population growth rate during the 2010s is estimated at 0.98%.
With the emergence of slower population growth in the latter half of the 20th
century, Asia’s demographic outlook today is substantially different from that of
only a few decades ago.
Such substantially slower population growth in Asia has been caused chiefly
by a significant decline in fertility over the past few decades. From 1965 to 1970,
there was only one economy in Asia, Japan, with below-replacement fertility (i.e.,
a total fertility rate [TFR] of less than 2.1 children per woman). Japan’s postwar
fertility decline was the first of its kind to occur in the non-Western world, and it
was the greatest in magnitude among all industrialized economies (Ogawa, Jones,
and Williamson 1993; Hodge and Ogawa 1991). Following a short-lived baby boom
period (1947–1949), Japan’s fertility dropped dramatically (Ogawa and Retherford
1993; Retherford and Ogawa 2006; Ogawa, Retherford, and Matsukura 2009).
Between 1947 and 1957, Japan’s TFR declined by more than 50% from 4.54 to 2.04
children per woman. This reduction of fertility over a 10-year period was the first
such experience in the history of humankind. Subsequent to it, there had been only
minor fluctuations around the replacement level until the first oil crisis occurred in
1973. Thereafter, the TFR started to fall again and reached 1.26 in 2005, which was
an all-time low in postwar Japan. Since 2005, however, Japan’s TFR has been on
an upward trend, reaching 1.43 in 2017. If fertility were to remain constant at this
level, the population of each successive generation would decline approximately at
a rate of 31% per generation.1
Moreover, in terms of the population share, as shown in Figure 1, only
5.4% of Asia’s population lived in economies with below-replacement fertility in
1960–1965, compared with 43.9% in 1990–1995, when the People’s Republic of
China’s (PRC) fertility rate fell below the replacement level. In the second half of
the 2010s, slightly more than a half of Asia’s population resided in societies with
below-replacement fertility, and more than 80% of the Asian population will live
in economies with a fertility rate below the replacement level in the late 2020s,
when India is projected to reach a below-replacement level of fertility (UN 2017).
At present, among the economies of the three Asian subregions defined in the 2017
UN population projection (East Asia, Southeast Asia, and South Asia), there are
two economies with below-replacement fertility (Singapore and Taipei,China) that
1
As of 2017, Japan’s replacement fertility level was 2.07. Thus, 1.43/2.07 = 0.69, which implies that if
Japan’s TFR remains unchanged in the years to come, the size of each successive generation will diminish by 31%.
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Figure 1. Proportion of the Asian Population Living in Economies with
Below-Replacement-Level Fertility, 1950–2050

Source: Authors’ calculations based on data from United Nations. 2017. World Population Prospects: The 2017
Revision. New York.

are classified in the category of lowest-low fertility (i.e., those with a TFR below
1.3).2 In fact, East Asia’s fertility has been the lowest in the entire world since the
1990s (Gubhaju 2008; Ogawa et al. 2009; McDonald 2009; Gauthier 2015; Ogawa,
Matsukura, and Lee 2016).
Parallel to the rapid decline in fertility, marked mortality improvements have
occurred in Asia. The Japanese postwar experience is particularly a case in point.
When Japan joined the Organisation for Economic Co-operation and Development
in 1964, its life expectancy at birth was lower than that of any other member
country, but its life expectancy became the highest among all member states by
the early 1980s (Mason and Ogawa 2001). In 2017, Japan’s male life expectancy
at birth reached 81.1 years to become the third highest in the world, following
Switzerland and Hong Kong, China, while its female life expectancy reached 87.3
years, the second highest in the world, following only Hong Kong, China. Moreover,
18 economies and areas in the three abovementioned Asian subregions have life
expectancies higher than 70 years for both sexes combined. As indicated in Figure
2, the value of life expectancy at birth for both sexes combined for Asia as a whole
during 2015–2020 was 70.9 years, and it is generally considered that mortality
2
According to the 2017 UN population projection, the Republic of Korea’s projected TFR for 2018 was 1.33,
but the country’s actual TFR for that year was just 0.98. Based on its actual TFR, the Republic of Korea should be
classified in the category of lowest-low fertility.
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Figure 2. Life Expectancy at Birth for Asia as a Whole, 1950–2100

Source: Authors’ calculations based on data from United Nations. 2017. World Population Prospects: The 2017
Revision. New York.

improvements begin to contribute to advancing the process of population aging once
the level of life expectancy at birth exceeds 70 years (Myers 1988).3
As a result of these rapid fertility and mortality transformations in the
latter half of the 20th century, we have witnessed phenomenal changes in Asia’s
demographic landscape in terms of population age compositions, with a relative
increase in the numbers of older persons and a relative decrease in the numbers
of the young. As illustrated in Figure 3, Asia’s total dependency ratio, which
is defined as [(0–14) + (65 and over)]/(15–64), reached its peak value (0.80)
in 1965, after which its long-term trend shows a U-shaped pattern, reaching its
trough value (0.47) in 2015. This implies that in Asia as a whole, the share of the
working-age population increased from 1965 to the middle of the 2010s. For Asia,
these 50 years during which the share of the working-age population continuously
rose corresponded to the period in which age structural shifts contributed to a
favorable impact on the per capita income growth, a phenomenon called “the
first demographic dividend,” which is exemplified by the “economic miracle” of
East Asian economies between 1960 and 1997 (Bloom and Williamson 1998,
Mason 2001). A detailed analysis of the first demographic dividend in Asia will
be presented in the ensuing section.
3
At an early stage of mortality improvements, the extension of life is induced mainly by the reduction of
infant and child mortality, rather than by better survivorship at older ages. Hence, at the initial stage of mortality
transition, rising life expectancy leads to population rejuvenation rather than population aging (Ogawa 1986).
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Figure 3. Changes in Dependency Ratios for Asia as a Whole, 1950–2050

Source: Authors’ calculations based on data from United Nations. 2017. World Population Prospects: The 2017
Revision. New York.

By and large, the demographic transition is a singular time period during
which fertility and mortality decline from high to low levels in a particular economy.
In the case of Asia, although the broad outlines of the demographic transition are
fairly similar in almost every economy in the region, the speed and timing of the
transition vary considerably across economies. The age composition of each of
the Asian economies under review has been changing swiftly since the middle of
the 20th century (Ogawa 2003). As shown in Table 1, from 1975 to 2000, the total
dependency ratio declined substantially in all three subregions and in 15 out of
the 17 economies listed (the Lao People’s Democratic Republic [Lao PDR] and
Nepal being the only exceptions). The extent to which the total dependency ratio
for each economy decreased over this period is closely related to the magnitude
with which its fertility declined, as reflected in the intertemporal change in the
youth dependency ratio, defined as [(0–14)/(15–64)]. Among the 17 economies
in Table 1, Thailand had the largest reduction in the total dependency ratio at
0.413 (from 0.852 to 0.439), followed by Mongolia (0.383), the Republic of Korea
(0.337), the PRC (0.321), Indonesia (0.304), Viet Nam (0.291), Malaysia (0.242),
Bangladesh (0.235), and the Islamic Republic of Iran (0.227). The fact that all
of these economies have shown substantial economic progress over the past few
decades seems to suggest that such steep declines in the total dependency ratio
facilitated their recent rapid economic growth.
The 2017 UN population projection, as shown in Table 1, indicates that the
economies with high total dependency ratios will face a considerable reduction
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of the burden placed upon the working-age population in the first quarter of the
21st century and beyond. In these economies, the declining total dependency ratios
are likely to facilitate their developmental process. In contrast, the economies with
low total dependency ratios are expected to undergo a substantial increase in this
burden, mainly due to a rapid rise in the proportion of the elderly, as represented
by the aged dependency ratio expressed as [(65+)/(15-64)]. In economies where
the onset of fertility reduction was early, the changes in this aged dependency ratio
are most pronounced. Clearly, Japan had the largest gain (+0.136) from 0.113 in
1975 to 0.249 in 2000. Singapore showed the second largest gain (+0.042) from
0.065 to 0.103 over the same period, followed by the Republic of Korea (+0.034),
Thailand (+0.028), and the PRC (+0.028).
Among the 17 economies listed in Table 1, Japan is expected to have
the highest aged dependency ratio continuously up to 2050. However, a careful
comparison of the index of aging, which is defined as [(65 and over)/(0–14)] × 100,
yields a picture substantially different from the one based upon the aged dependency
ratios. By 2000, Japan’s index of aging had already exceeded 100. Over the period
2000–2025, Japan is expected to remain the most aged society not only in Asia
but also in the entire world. By 2050, however, the values of the index of aging
for Singapore and the Republic of Korea are projected to surpass that for Japan. In
addition, for Asia as a whole, the index of aging is projected to nearly reach 100
in 2050, which is considerably earlier than in 2074, which is the year projected for
the entire world, as depicted in Figure 4.4 Throughout human history, children were
substantially more numerous than the elderly, and the index of aging for the whole
world has never surpassed the 100 level. In the recent past, this newly emerging
demographic turning point has been called “the historic reversal of populations”
(Chamie 2016).
The data reported in Table 1 cover only four selected points in time: 1975,
2000, 2025, and 2050. It can be easily conceived that the age composition of each
economy undergoes a considerable transformation and transition. To shed light
upon such dynamic aspects of age structural shifts and their impacts on economic
growth, we turn our attention in the next section to the demographic dividends in a
number of selected Asian economies using the NTA framework.
III. The Impact of Age Structural Shifts on the First and Second
Demographic Dividends
A.

Measuring the Impact of Demographic Changes on Economic Growth

In the 1990s, some population economists began to use the term
“demographic bonus.” However, since then a number of new terms referring to the
4

The index of aging for the entire Asia is projected to exceed 100 in 2051.
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Figure 4. The Timing of the Historical Reversal of Populations: Japan, Asia,
and the World

Source: Authors’ calculations based on data from United Nations. 2017. World Population Prospects: The 2017
Revision. New York.

same, or a highly comparable demographic–economic nexus, has appeared, ranging
broadly from such an expression as “demographic gift” to the term “window of
opportunity.” It is often the case that the total dependency ratio is defined differently
among researchers. Moreover, different criteria have been utilized to judge, on
the basis of computed total dependency ratios, whether or not an economy is
at the stage of a demographic bonus. For instance, Komine and Kabe (2009),
who use the conventional total dependency ratio, regard an economy as being at
the stage of a demographic bonus when the computed value falls continuously.5
In contrast, Cheung et al. (2004), although they employ the same conventional
total dependency ratio, apply a different criterion for assessing whether or not an
economy is experiencing a demographic bonus—for them, the demographic bonus
period corresponds to the stage where the computed value remains less than 0.5.6
In addition, Golini (2004) defines the total dependency ratio in a slightly different
manner—i.e., [(those aged 0–14) + (those aged 60+)]/(those aged 15–59)—and
classifies an economy as being at the demographic bonus stage when the calculated
value is below 0.66.

5
According to Komine and Kabe (2009), the demographic bonus is generated if the value of [(those aged
0–14) + (those aged 65+)]/(those aged 15–64) continuously declines with the passage of time.
6
Cheung et al. (2004) assert that the demographic bonus is generated when the value of [(those aged 0–14)
+ (those aged 65+)]/(those aged 15–64) is less than 0.5.
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Figure 5. The Period of Demographic Bonus Based on Three Different Approaches

Lao PDR = Lao People’s Democratic Republic, PRC = People’s Republic of China.
*
See the detail in the text.
Source: Authors’ calculations based on data from United Nations. 2017. World Population Prospects: The 2017
Revision. New York.

A brief glance at Figure 5 reveals that the period of a demographic
bonus differs considerably among the 12 selected Asian economies, depending
upon the definitions utilized. In six out of the 12 economies, the period of a
demographic bonus is not continuous if the computation is based upon the total
dependency ratio formula. For instance, in the case of Japan, there is a 7-year hiatus
(1970–1977) during the period 1950–1992. For the Lao PDR and Cambodia, the
number of hiatuses is considerably greater than Japan and other selected Asian
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economies: in the case of the Lao PDR, there are five (1966–67, 1972–1982, 1986,
1991–1993, and 1996) from 1965 to 2045; while Cambodia has four (1966,
1982–1987, 1989–1995, and 2017–2019) from 1965 to 2045.7 Among the 12
economies, the Philippines would never enjoy a demographic bonus during the
entire period from 1950 to 2050 if computations were made on the basis of the
formula presented by Cheung et al. (2004). These calculated results imply that
the timing and duration of the demographic bonus vary among the 12 economies.
Moreover, the results for each economy also differ considerably, subject to the
formulas used.
As briefly mentioned in the previous section, the conventional total
dependency ratio and its variants assume the same weight for every person
regardless of age, which is why they are very crude measures for quantifying
the impact of age structural transformations on economic growth performance.
To overcome this limitation of the total dependency ratio, we utilize the NTA
system and calculate the “first demographic dividend” instead of the “demographic
bonus.”
B.

A Brief Outline of the National Transfer Accounts

Since the beginning of the 21st century, an international collaborative
research project has been carried out under the leadership of the following two
economists: Andrew Mason at the University of Hawaii at Manoa and Ronald D.
Lee at the Center for the Economics and Demography of Aging at the University of
California, Berkeley. A number of collaborating institutions in Asia, Latin America,
Europe, and Africa have been actively engaged in this international research project.
At present, almost 100 economies, both developed and developing, constitute the
full membership of the NTA global project.
One of the principal objectives of this project is to develop a system for
measuring economic flows across age groups. These flows arise because, in any
viable society, dependent members of the population—those who consume more
than they produce—are supported by members of the population who produce more
than they consume. Societies take different approaches to reallocating resources
from surplus to deficit ages, but two methods dominate. One method relies on
capital markets. Individuals accumulate capital during their working ages. When
they are no longer productive, the elderly can support their consumption by relying
on capital income (e.g., interest, dividends, rental income, and profits) and by
liquidating their assets. The second method relies on transfers from those at surplus
ages to those at deficit ages. Some transfers are mediated by the public sector.
Important examples of these kinds of transfers are public education, publicly
7
Presumably, the age compositional shifts in the Lao PDR and Cambodia were the consequence of the
Indochina Wars (1946–1991), including the Viet Nam War (1955–1975).
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financed health care, and public pension programs. Many transfers are private;
among them, familial transfers are vital. The material needs of children are provided
for mostly by their parents. In Asian societies, familial transfers between adult
children and the elderly are also of huge significance. Some of these transfers are
between households, but intrahousehold transfers are much more important.
NTA provide a comprehensive framework for estimating consumption,
production, and resource reallocations by age. The accounts are constructed so
as to be consistent with and complementary to the National Income and Product
Accounts. Also, sectoral disaggregation allows the analysis of public and private
education and health-care spending. The NTA system will provide important new
information relevant to the following issues: (i) the first demographic dividend,
(ii) the second demographic dividend, and (iii) intergenerational transfers (public
and private [familial] transfers), (iv) aging policy, and (v) childbearing incentives.8
C.

Defining and Measuring the First Demographic Dividend

As discussed elsewhere (Mason 2001, 2007; Mason and Lee 2006; Lee and
Mason 2011), one of the important linkages between demographic transformations
and economic growth is the role of demographic dividends in the process of
economic development. As a country proceeds through the stages of demographic
transition, it undergoes considerable age structural shifts. When a country’s fertility
begins to fall, the first demographic dividend is generated because changes in its
population age structure have led to an increase in the population at working ages
relative to that at nonworking ages. In other words, the first demographic dividend
arises because of an increase in the share of the population at ages during which
production exceeds consumption. That is, the first demographic dividend is positive
when the economic support ratio, which is defined as the ratio of effective workers
to effective consumers, increases (Mason 2007).9
Using relatively simple mathematical notations, we can provide a short
description of the measure for the first demographic dividend: income per effective
consumer [Y (t )/N (t )], which is a measure of per capita income adjusted for age
variation in consumption, is the product of the economic support ratio [L(t )/N (t )]
and income per worker [Y (t )/L(t )]:10
L(t )
Y (t )
Y (t )
=
×
N (t )
N (t )
L(t )

(1)

8
For further information on the NTA system, see the website of the Global NTA project at http://www.
ntaaccounts.org.
9
Effective workers are calculated as a weighted sum of the population using the labor income age profile.
Effective consumers are calculated in a similar fashion, using the consumption age profile.
10
For a more detailed mathematical description, see Mason (2007).
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Furthermore, N (t ), which represents the effective number of consumers, and L(t ),
which represents the effective number of workers, can be expressed as below:
N (t ) =



α(a)P(a, t )

a

L(t ) =



β(a)P(a, t )

(2)

a

where a and t denote age and year, respectively; α(a) and β(a) are the age profiles of
consumption and production respectively; and P(a, t ) is the population. Hence, the
estimates of the first demographic dividend are heavily dependent upon the average
age profiles of consumption (with both private and public sectors combined) and
production (for both paid employment and self-employment) of the economy under
study.
By the time of writing this paper, we managed to obtain the data required
for computing the first demographic dividend from the following 12 NTA member
economies in Asia: Cambodia in 2009; the PRC in 2009; Indonesia in 2012; India
in 2004; Japan in 2014; the Lao PDR in 2012; Malaysia in 2009; the Philippines
in 2015; the Republic of Korea in 2015; Thailand in 2013; Taipei,China in 2015;
and Viet Nam in 2012. By combining the age-specific per capita consumption and
production data for these 12 economies, weighted by the age-specific population
size for each economy, we have created the age-specific per capita consumption
and production profiles for “Asia as a whole” as an approximation (Figure 6). In
addition, the age-specific profiles of consumption and production on a per capita
basis for each of these 12 economies are displayed for comparative purposes in
Figure 7. These graphical expositions of the vertical values for both consumption
and labor income have been normalized on the basis of mean labor income for those
aged 30–49 years with a view to facilitating intereconomy comparative analyses.
It can be seen from Figures 6 and 7 that the two crossing ages at which the
status of economic independence changes differ substantially from graph to graph.
In the case of Asia as a whole, as shown in the top row of Table 2, the age at
which net consumers become net producers is 24, whereas the age at which net
producers become net consumers is 57. These two ages suggest that an average
Asian earns labor income greater than consumption for 33 years. Furthermore, a
quick glance at the ages of crossing from net consumers to net producers among the
12 Asian economies listed in Table 2 reveals that the PRC and Cambodia have the
lowest age (21 years), followed by Viet Nam (22 years), the Lao PDR (23 years),
and the Philippines (23 years old), while Japan and the Republic of Korea have the
highest age (28 years), followed by India (26 years) and Indonesia (26 years). For
the crossing ages from net producers to net consumers, Cambodia has the lowest
age (47 years), followed by Viet Nam (53 years). In contrast, the Lao PDR has the
highest age (62 years). Among the 12 economies, the difference between these two
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Figure 6. A Typical Asian Economic Life Cycle: NTA Estimates of Per Capita
Consumption and Labor Income for Asia as a Whole

NTA = National Transfer Accounts.
Source: Authors’ calculations based on the National Transfer Account database.

ages is the largest in the case of the Lao PDR; an average Laotian produces more
than his or her consumption for 39 years. Interestingly, the Lao PDR’s neighbor,
Cambodia, has the shortest duration, i.e., 26 years. Obviously, this intereconomy
disparity in the crossing ages generates differences in the length and magnitude of
the first demographic dividend to a considerable extent.
To quantitatively demonstrate the timing and duration of the first
demographic dividend for each economy, we need to discuss intertemporal changes
in the economic support ratio. Equation (1) can be expressed in growth terms as
follows:






L(t )
Y (t )
Y (t )
=g
×g
(3)
g
N (t )
N (t )
L(t )
The first demographic dividend is the rate of growth of the economic support
ratio, which rises or falls subject to the age compositional transformations in the
process of the demographic transition. During the demographic transition when
the economic support ratio is rising, income per effective consumer increases,
given that there is no change in productivity. As the economic support ratio
declines, however, income per effective consumer falls and the first demographic
dividend disappears. Thus, it should be stressed that the increase in income per
effective consumer is transitory. More importantly, the first demographic dividend
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Figure 7. Comparison of Economic Life Cycle Patterns in the 12 Selected
Asian Economies

Lao PDR = Lao People’s Democratic Republic, PRC = People’s Republic of China.
Source: Authors’ calculations based on the National Transfer Account database.

can be realized only if employment keeps pace with the growth of the working-age
population.
Now, we shall discuss the computed results pertaining to the first
demographic dividend for Asia as a whole and then for the 12 selected Asian
economies individually. With a view to quantifying the first demographic dividend
for Asia as a whole, which is approximated by combining the data compiled
from the 12 selected Asian economies, we have calculated the change in the
economic support ratio over the period 1950–2050, by applying the computed
age-specific per capita consumption and production results displayed in Figure 6
as statistical weights to the projected age-specific population of the entire Asia. At
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Table 2. Crossing Age at Which the Status of Economic
Independence Changes for Asia as a Whole
and for 12 Selected Asian Economies
Crossing Age
Economy
Asia as a whole
India
Philippines
Thailand
Indonesia
People’s Republic of China
Republic of Korea
Taipei,China
Cambodia
Malaysia
Viet Nam
Lao PDR
Japan

From Net Consumers
to Net Producers

From Net Producers
to Net Consumers

24
26
23
25
26
21
28
25
21
25
22
23
28

57
59
57
56
56
58
57
55
47
56
53
62
59

Lao PDR = Lao People’s Democratic Republic.
Source: Authors’ calculations based on the National Transfer Account database.

this point, we have applied the same age-specific profiles of per capita consumption
and production, plotted in Figure 6, to the age-specific population of the whole
continent, assuming that these profiles remain unchanged throughout the entire
100-year period under review. This implies that the computational results only
reflect the effect of age structural change on the economic support ratio. In addition,
we have used the 2017 UN population projection as a source of demographic data
for computation.
The computed results of the first demographic dividend for Asia as a whole,
which is measured by the annual growth rate of its economic support ratio, are
shown in Figure 8. In case the annual growth rate of the economic support ratio
is positive, the first demographic dividend is generated. As can be observed in this
graphical exposition, the first demographic dividend for the entire Asia began in
1973, and is projected to come to an end in 2018, after which the Asian region as a
whole is expected to enter into the phase of population aging. Thus, the duration of
the first demographic dividend for Asia as a whole amounts to 45 years. As indicated
in Figure 8, the peak year of Asia’s first demographic dividend was 1990.
Furthermore, by heavily drawing upon the per capita age-specific labor
income and consumption data for each of the selected Asian economies, and on
the basis of the same computational assumptions and procedure applied to the
case of Asia as a whole, we have calculated a temporal change in the economic
support ratio for each of the 12 selected Asian economies for comparative purposes.
The calculated results are presented in Figure 9. There are marked intereconomy
differences among the 12 economies, both in terms of the timing and the duration
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Figure 8. Temporal Change in the Magnitude of the First Demographic Dividend for Asia
as a Whole, 1950–2050

Source: Authors’ calculations based on the National Transfer Account database.

of the first demographic dividend. A few points of interest emerge from the results
shown in Figure 9. First, Japan entered the phase of the first demographic dividend
in 1950, which was the earliest among the 12 selected Asian economies in the
sample, and was followed by the Republic of Korea and Taipei,China in 1968.
Japan’s first demographic dividend period ended in 1982, while the corresponding
periods for the Republic of Korea and Taipei,China came to an end in 2013
and 2015, respectively. Second, among the 12 economies, Japan had the shortest
duration of the first demographic dividend, i.e., 32 years. Cambodia has the second
shortest duration of the first demographic dividend, i.e., 37 years from 1968 to
1981 and from 1997 to 2019. However, Cambodia is an exceptional case among
the 12 economies in that its first demographic dividend period is broken into two
subperiods. As mentioned earlier, this hiatus between 1981 and 1997 was affected
substantially by the unusual age compositional shift caused by a series of wars
in which Cambodia was involved in the second half of the 20th century. Third,
among the 12 selected Asian economies, the Philippines is projected to have the
longest period of the first demographic dividend at 79 years from 1971 to 2050. The
Philippines is followed by Indonesia, the Lao PDR, and India, which are projected
to have first demographic dividends lasting 63, 64, and 66 years, respectively.
More importantly, a quick glance at Figure 9 reveals that the annual growth
rate of the economic support ratio differs considerably across economies and with
the passage of time, thus indicating that the magnitude of the first demographic
dividend varies substantially among the 12 economies and over time. To shed light
upon the magnitude of the first demographic dividend for each economy, we have
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Figure 9. Comparison of the Temporal Change in the Magnitude of the First
Demographic Dividend in 12 Selected Asian Economies

Lao PDR = Lao People’s Democratic Republic, PRC = People’s Republic of China.
Source: Authors’ calculations based on the National Transfer Account database.

computed the average annual growth rate of the economic support ratio observed
for each of the selected Asian economies between the beginning year and the
end year of the first demographic dividend stage. As presented in Table 3, the
largest magnitude was recorded by the Republic of Korea (1.13%), followed by
Thailand (1.03%); Taipei,China (0.99%); and the PRC (0.90%).11 In the case of the
Philippines, the magnitude is expected to amount to a low value of 0.34%. India is
projected to have an even lower value of 0.31%.
11
As previously mentioned, due to the unusual temporal change of its first demographic dividend, Cambodia
has been excluded from this computation.

1950
1973
1968
1968
1971
1973
1969
1977
1974
1988
1974

Beginning
Year

1982
2015
2013
2015
2050
2010
2030
2040
2016
2052
2040

Ending
Year
32
42
45
47
79
37
61
63
42
64
66

Duration
(years)
0.58
0.90
1.13
0.99
0.34
1.03
0.63
0.44
0.80
0.52
0.31

3.44
4.57
4.62
4.26
6.15
4.95
5.17
4.81
6.13
6.27
5.28

Year in Which
Demographic
Dividend
Commences
1.76
1.62
1.24
1.16
2.17
1.55
1.84
1.96
1.95
1.77
1.93

Year in Which
Demographic
Dividend
Ends

Average
Amount of
Reduction
of the Total
Fertility
Rate per
Year
−0.05
−0.07
−0.08
−0.07
−0.05
−0.09
−0.05
−0.05
−0.10
−0.07
−0.05

Difference
between
the Two
Years
−1.69
−2.95
−3.38
−3.10
−3.98
−3.41
−3.33
−2.85
−4.17
−4.50
−3.35

Total Fertility Rate

Lao PDR = Lao People’s Democratic Republic, PRC = People’s Republic of China.
Source: Authors’ calculations based on data from United Nations. 2017. World Population Prospects: The 2017 Revision. New York.

Japan
PRC
Republic of Korea
Taipei,China
Philippines
Thailand
Malaysia
Indonesia
Viet Nam
Lao PDR
India

Economy

Average
Annual
Growth
Rate of the
Economic
Support
Ratio

First Demographic Dividend

Table 3. Timing and Duration of the First Demographic Dividend and Amount of Fertility Decline over the First Demographic
Dividend Period in 11 Selected Asian Economies
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Figure 10. Estimated Relationship between the Magnitude of the First Demographic
Dividend and Amount of Reduction in the Total Fertility Rate per Year
in Selected Asian Economies

Note: X refers to the average reduction in the total fertility rate per year.
Source: Authors’ calculations based on data from United Nations. 2017. World Population Prospects: The 2017
Revision. New York.

Besides the average annual growth rate of the economic support ratio for
the selected Asian economies, we have also gathered data, as indicated in Table
3, pertaining to the average annual amount of the decline of the TFR from the
beginning year to the final year of the first demographic dividend. To gain further
insights into the relationship between the magnitude of the decline of the TFR
and the average annual growth rate of the economic support ratio during the first
demographic dividend stage, we have conducted a relatively simple regression
analysis, covering all 11 economies listed in Table 3. In the regression equation,
the former variable has been employed as the explanatory variable and the latter
as the dependent variable. As shown in Figure 10, the estimated coefficient for
the explanatory variable is statistically significant (t-value of –2.86), suggesting
that the greater the average amount of fertility reduction per year, the greater the
potential impact of the first demographic dividend on macroeconomic growth. This
statistical result is in agreement with an axiomatic view held among population
economists that one of the key factors conducive to Asia’s miraculous economic
growth in the past several decades has been its extremely rapid decline in the
TFR (Bloom, Canning, and Malaney 2000; Lee and Mason 2011; Mason and Lee
2012).
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D.

Computing the Second Demographic Dividend

The second demographic dividend corresponds to the growth rate of
productivity or output per effective worker, which is induced by the accumulation of
wealth as well as physical and human capital deepening. The second demographic
dividend arises when individuals at all age groups increase their demand for wealth
in some form to support their old-age consumption. One possibility is that old-age
economic security might heavily rely on transfers from public pension and welfare
programs, or from adult children and other family members. The other possibility is
that individuals accumulate capital during their working years, which in turn serves
as the source of support in retirement. Both of these forms of wealth can be utilized
to support consumption in old age.
It is extremely important to pay attention to the following key point: only
capital accumulation will lead to an increase in productivity. Unlike the first
demographic dividend, the second demographic dividend is not transitory, and it
may lead to a permanent increase in capital deepening and income per effective
consumer. The second demographic dividend does not occur automatically, but
rather can be realized if consumers and policy makers are forward looking and
respond effectively to coming demographic changes by encouraging an old-age
support system that substitutes capital for the transfer of wealth. There are two
ways that demographic factors cause an increase in the demand for life cycle wealth
and the second demographic dividend. First, there is a compositional effect, caused
by an increase in the share of individuals who have nearly or fully completed their
productive years. Second, there is a behavioral effect, caused by an increase in life
expectancy and the accompanying increase in the duration of retirement leading to
an increase in demand for wealth.
Demand for life cycle wealth is mainly concentrated among older working
adults who are approaching their peak earnings and have completed their
childrearing responsibilities. Mason (2007) uses the wealth held by those aged 50
years and older to measure the effect of demography on life cycle wealth and the
second demographic dividend. Demand for life cycle wealth is computed as the
difference between the present value of lifetime consumption and the present value
of lifetime production for adults.12
By closely following the computational procedure described in Mason
(2007), we have calculated the second demographic dividend for all 12 economies
listed in Figure 7. All the values reported in Table 4 represent the average annual
12
Computational assumptions employed in Mason (2007) were as follows: (i) holding the transfer policy
constant so that the growth rates of the capital and life cycle wealth are equal; (ii) setting the elasticity of labor
income with respect to capital at 0.5 (i.e., the second demographic dividend is calculated as half of the growth rate
of wealth ratio to income); and (iii) the growth of consumption and labor income are 1.5% per year, and the interest
rate is 3%.
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Table 4. Second Demographic Dividend in 12 Selected Asian Economies
Expressed in Terms of the Annual Growth Rate (%)
Economy
Japan
Republic of Korea
Malaysia
Philippines
Thailand
Viet Nam
Lao PDR
Taipei,China
PRC
Cambodia
India
Indonesia

Profile

2010–2020

2020–2030

2030–2040

2040–2050

2014
2015
2009
2015
2013
2012
2012
2015
2009
2009
2004
2012

0.29
2.01
1.91
1.27
1.77
1.75
6.25
1.79
1.79
1.48
1.43
1.97

0.32
1.09
1.29
1.22
1.23
1.07
2.89
0.86
0.99
0.73
1.17
1.63

0.18
0.37
1.29
0.97
0.50
0.98
2.24
0.34
0.64
1.65
1.08
1.18

0.01
0.13
1.10
0.80
0.20
0.62
1.88
0.13
0.42
1.17
0.90
0.78

Lao PDR = Lao People’s Democratic Republic, PRC = People’s Republic of China.
Source: Authors’ calculations based on the National Transfer Account database.

Figure 11. Comparison of the First and Second Demographic Dividends in Malaysia

Sources: Authors’ calculations based on the National Transfer Account database.

growth rate of capital stock for each successive decade over the period 2010–2050.
As can be clearly seen from this table, most of the developing Asian economies
are likely to have a sizable second demographic dividend in the years to come.
Particularly, the magnitude of the second demographic dividend is substantially
larger than that of the first demographic dividend over the period 2010–2050
in all economies. To illustrate this point more concretely, we have plotted in
Figure 11 the pattern of changes in the first and second demographic dividends
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for Malaysia. It is also worth observing that although Japan’s first demographic
dividend has already been negative for more than 3 decades, as shown in Figure 8,
its second demographic dividend, which is projected to occur substantially after the
2020–2030 period, is expected to remain positive up to 2050.
Before closing our discussion pertaining to the first and second demographic
dividends, we should bear in mind that the projected results summarized in Tables
3 and 4 reflect only the age compositional effect. The relationship between the
demographic dividends and income growth is very policy dependent. The first
demographic dividend arises in part because the working-age population is growing
rapidly. The economic gains can be realized only if employment opportunities
expand as rapidly as the numbers seeking new jobs. The second demographic
dividend arises in part because prime-age adults save more to provide for their
retirement. Their ability or willingness to save, however, may be undermined by
poorly developed financial markets or overly generous publicly funded pension
programs. Demographic transformations simply define possibilities, and the
outcome is heavily dependent on a large number of nondemographic factors.

IV. Population Aging and Its Impact on Intergenerational Transfers in Three
East Asian Economies

In this section, we use the NTA system to analyze the changing patterns of
intergenerational transfers in Japan; the Republic of Korea; and Taipei,China. These
three East Asian economies have already entered an advanced stage of population
aging, where the patterns of intergenerational transfers, both public and private
(familial), have been shifting to a marked extent. For the sake of convenience, we
first examine the NTA computational results for Japan, the forerunner of Asia’s
population aging. Subsequently, we compare the case of Japan with those of the
Republic of Korea and Taipei,China.
The NTA, which measures intergenerational flows for a certain period of
time, is governed by the following relationship:
yl + r(K + M ) + τg+ + τ f+ = C + IK + IM + τg− + τ f−

(4)

where yl = labor income; rK = returns to capital; rM = returns to land and credit;
τg+ = transfer inflows from the public sector; τ f+ = transfer inflows from the private
sector; C = consumption; IK = investment in capital; IM = investment in credit and
land; τg− = transfer outflows to the government; and τ f− = transfer outflows to the
private sector.
In addition, the life cycle deficit, which is the difference between
consumption and production, is matched by age reallocations consisting of
reallocations through assets and net transfers as expressed below:
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Figure 12. Changing Pattern of the Per Capita Life Cycle Deficit in Japan

Source: Authors’ calculations based on the National Transfer Account database.
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(5)

Net private transfers

Age reallocations

where yA = asset income, and S = saving.
Before proceeding to a discussion of the computational results, however,
caution should be exercised with regard to the following two points. First, the
terms “familial transfers” and “private transfers” are used interchangeably in this
paper—both refer to transfers coming from other family members of the same
or a different household. Second, although net private transfers comprise bequests
and inter vivos transfers, the computation of the bequest component had not been
completed at the time of writing this paper. For this reason, bequests are excluded
from the computational results reported in this paper. Also, the estimated values for
the totals have been adjusted on the basis of National Income and Product Account
values to ensure consistency.
Figure 12 compares the changing patterns of the three components of
reallocation of the life cycle deficit for the entire population in Japan from 1989
to 2009. The three components include net reallocations through assets, net public
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transfers, and net private (familial) transfers. Panels A, B, and C illustrate the annual
reallocations of the per capita life cycle deficit for the whole population of Japan
observed in 1989, 1999, and 2009, respectively.
A brief comparison of the three panels in Figure 12 reveals the following
two points of interest. First, the composition of net transfers to the elderly
population changed dramatically over the 20-year period from 1989 to 2009. To
facilitate the intereconomy comparison among the three East Asian economies,
we have standardized all the monetary values in the three panels by dividing
them by the mean labor income of those aged 30–49 years. As can be easily
observed by comparing the three panels, the amount of per capita net public
transfers to the elderly population increased significantly from 1989 to 2009.
Similarly, the amount of net asset-based reallocations grew remarkably over the
same period. In contrast, the relative importance of net private (familial) transfers
from the young to the elderly declined to an appreciable extent. These results
seem to indicate that the Japanese elderly have been increasingly dependent upon
public transfers (predominantly old-age pensions and medical care services) and
asset-based reallocations in supporting their retirement life.
Second, and more important, as marked by the two ovals in Figure 12
(one in Panel B and the other in Panel C), the amount of net private (familial)
transfers to the relatively young elderly persons (roughly in their 60s and early
70s) was negative in both 1999 and 2009, implying that the amount of financial
assistance the relatively young elderly persons provided to their adult children
and/or grandchildren exceeded the monetary assistance from the latter to the former.
From Panels A and B, we see that the amount of such negative net familial transfers
from the relatively young elderly to other age groups rose during the period of
Japan’s “lost decade” (Yoshikawa 2001). These results suggest that despite the fact
that multigenerational coresidence has weakened over the past few decades (Ogawa,
Retherford, and Matsukura 2006), the Japanese elderly still play a vital role in
providing financial support to their offspring when the latter encounter economic
difficulties.13
Next, by utilizing calculated results for Japan presented in Panel C of Figure
12, we compare Japan’s intergenerational transfer pattern with that of the Republic
of Korea in 2015 (Figure 13) and Taipei,China in 2015 (Figure 14). A close
examination of these three graphical expositions reveals that in the case of Japan,
public transfers play a more dominant role in financing the life cycle deficit among
the elderly population than in the cases of the Republic of Korea and Taipei,China.
This intereconomy difference is largely attributable to the fact that, because the
social security system in Japan was established approximately 3 decades earlier
13
Although older persons in Japan are often considered an overall liability for the country, they are actually
playing a key role as society’s safety net. For this reason, they should be viewed as latent assets in contemporary
Japanese society (Ogawa 2008; Ogawa, Matsukura, and Chawla 2011).
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Figure 13. Pattern of the Per Capita Life Cycle Deficit in the Republic of Korea, 2015

Source: Authors’ calculations based on the National Transfer Account database.

Figure 14. Pattern of the Per Capita Life Cycle Deficit in Taipei,China, 2015

Source: Authors’ calculations based on the National Transfer Account database.
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than in the Republic of Korea and Taipei,China, Japanese elderly persons have
been able to enjoy higher pension benefits at a more mature stage, as well as more
comprehensive medical care services than their counterparts in the Republic of
Korea and Taipei,China. Moreover, in the Japanese case, the net asset reallocations
play a more substantial role in financing the life cycle deficit among the elderly
population than in the case of either the Republic of Korea or Taipei,China. This
difference reflects the fact that the three economies underwent rapid economic
growth at considerably different points in time.
In view of future aging trends in both the Republic of Korea and
Taipei,China, it is highly conceivable that the two economies will follow in Japan’s
recent footsteps in transforming their patterns of intergenerational transfers by
shifting to public transfers and asset reallocations, and attaching less importance to
private (familial) transfers, particularly among the elderly population. Furthermore,
although the current demographic setting of these three East Asian economies is
considerably more advanced than that of most developing economies in South and
Southeast Asia, many of the economies in the three Asian subregions share to a
great extent similar traditional values relating to familial responsibilities. In view
of these similarities, we may safely presume that the recent experiences of the
changes in intergenerational transfers in the abovementioned East Asian economies
can serve as a useful regional reference point to many developing economies in
Asia for formulating effective and efficient policies for coping with rapid population
aging.
It is also worth observing that the private (familial) transfers directed to the
young population in the three East Asian economies are noticeably larger than
those in NTA economies outside Asia, although relevant graphs for interregional
comparison are omitted. As discussed elsewhere (Ogawa et al. 2015), the amount
of financial resources that parents spend on their children’s education is extremely
large in these three East Asian economies, and this has been one of the major
reasons why East Asia currently has the lowest TFR in the world.

V. The Potential Work Capacity of the Elderly and the “Silver
Demographic Dividend”

In this section, we turn our attention from the NTA-based analysis to a new
analytical topic—a newly defined demographic dividend generated through the use
of the untapped work capacity of healthy older persons. In this study, we label it
“the silver demographic dividend.” For the sake of convenience, we may also refer
to it as “the third demographic dividend” to distinguish it from the two demographic
dividends directly computed from the NTA system.
Our main motive to shed light on measuring this newly defined demographic
dividend is related to the recent shortage of human resources in some of Asia’s aging
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economies. Japan is a typical case; its labor force size and its age composition have
changed significantly in the postwar period. According to Japanese census data, the
size of the total labor force grew continuously from 1970 to 1995. After reaching
its peak in 1995, however, it commenced shrinking. According to the population
projection released in 2019 by the National Institute of Population Problems
and Social Security Research, the working-age population (15–64 years old) is
expected to dwindle from 77.3 million in 2015 to 45.3 million in 2065. Taking into
consideration such gloomy demographic and labor force prospects, the Government
of Japan recently announced an eye-catching plan. According to it, the government
will require all employers to keep their employees on the payroll until they reach
the age of 70 if the latter wish to stay on. To achieve this goal, the government is
asking businesses to choose from among seven measures designed to allow older
people to continue working. The measures include abolishing the retirement age,
extending the retirement age to 70, and introducing elderly employees to jobs at
other firms. Furthermore, the legislation is expected to come in two stages. First,
the government plans to submit a bill, urging businesses to keep their employees
until they reach the age of 70. After that, the government will eventually make the
above measures mandatory.
In view of this recent government initiative, we have attempted to measure
the potential work capacity of old workers to alleviate the adverse effects of aging
and population decline on Japan’s economic growth. To facilitate this numerical
exercise by following up on our earlier study (Matsukura et al. 2018), we have
attempted to quantify the potential work capacity in Japan in terms of health status
among those aged 50 and over, by pooling all the observations from the first to
the fifth waves (i.e., 2007, 2009, 2011, 2013, and 2015) of the survey called the
Japanese Study of Aging and Retirement (JSTAR).14 In our earlier work (Matsukura
et al. 2018), we covered only the first three waves of JSTAR. In the present study, we
first estimate the relationship between health and employment for men and women
aged 50–59 and use the estimated result, along with the actual characteristics of
old people (aged 60–79), to simulate the latter’s capacity to work based on their
health. We then attempt to link the estimated statistical results derived from JSTAR
to the system of NTA to quantify to what extent the economic support ratio would
be enhanced through utilization of the untapped work capacity among old workers
(aged 60–79).
14
JSTAR is a longitudinal, interdisciplinary survey that collects internationally comparable data on the
middle aged and old. The JSTAR project commenced in 2007, and the survey has been implemented in 2-year
intervals. JSTAR is a sister survey compatible with the Health and Retirement Study; English Longitudinal Study
of Aging; Survey of Health, Aging, and Retirement in Europe; China Health and Retirement Longitudinal Study;
and Longitudinal Aging Study in India. JSTAR’s design and sample methodology are described elsewhere (Ichimura,
Hashimoto, and Shimizutani 2009). The baseline sample consists of male and female respondents aged 50–75 from
10 municipalities. The respondents were randomly chosen from household registries kept by the local governments.
The sample size and the average response rate at the baseline were approximately 8,000 and 60%, respectively.
JSTAR collects a wide range of variables, including the economic, social, family, and health conditions of the sampled
respondents.

Population Aging and the Three Demographic Dividends in Asia 61

In our analysis, we have not included a number of factors affecting the
decision of labor supply (e.g., wages), but focused on the health disability to
examine to what extent the labor supply of the elderly is limited. We have employed
a linear probability model to regress the binary variable of employment, which is
equal to 1 if the individual is in the labor force (both employed and unemployed)
and 0 if the individual is out of the labor force, on the following health-related
explanatory variables: (i) dummy variables for self-reported health status (five-point
scale); (ii) the incidence of limitations on instrumental activities of daily living; (iii)
the Center for Epidemiologic Studies Depression Scale;15 (iv) the Nagi physical
ability index;16 (v) limitations in sensory organs (eyesight, hearing, and chewing);17
and (vi) individual attributes such as sex, educational attainment, and marital status.
In addition, dummy variables for each municipality and for survey years have been
included.
The estimated regression results are summarized in Table 5. By utilizing
these results, we have simulated the untapped work capacity for Japanese older
adults aged 60–79. We have used the estimated coefficient to compute predicted
values for each individual in JSTAR and averaged them by each age. The
“untapped work capacity” is defined as a slack between the actual and the
predicted employment probability. Figure 15 shows that the estimated untapped
work capacity, marked in gray, increases with age. The untapped work capacity
in Japan is estimated to amount to 4.12 million for persons aged 60–79.
To calculate the potential impact of these additional workers on Japan’s
gross domestic product (GDP), we have set up the following three cases. Case I
assumes that if the potential elderly workers are employed, they earn labor income
in accordance with the NTA age-specific labor income profile observed in 2009;
Case II assumes that the potential elderly workers at each age can earn the same
amount of labor income as their counterparts who were employed in 2014; and
Case III assumes that if the potential elderly workers are employed, they earn only
the minimum wage set by Japanese law. The computed results are as follows: in
Case I, the real GDP for 2015 is 4.5% higher; in Case II, it is 6% higher; and in
Case III, it is 3.2% higher. These additional GDP gains might be regarded as the
“silver demographic dividend” or “third demographic dividend.”

15
Scores on the Center for Epidemiologic Studies Depression Scale range from 0 to 60, where higher scores
suggest a greater presence of depression symptoms. A score of 16 or higher is interpreted as indicating a risk for
depression.
16
The Nagi index in JSTAR consists of 10 items and is designed to capture difficulties in physical activities
that are relevant to work capacity: (i) walking 100 meters, (ii) sitting continuously for 2 hours, (iii) standing up from a
chair after sitting for a long time, (iv) climbing several steps without using the handrail, (v) climbing one step without
using the handrail, (vi) squatting or kneeling, (vii) raising hands above the shoulders, (viii) pushing and pulling large
objects such as chairs and sofas in a living room, (ix) lifting and carrying an object weighing more than 5 kilograms,
and (x) grasping a small object such as a 1 yen coin with fingers.
17
For each of the sensory organs, we have assigned the following three numerical values: 2 denotes conditions
ranging from “very good” to “not bad,” 1 stands for “bad,” while 0 stands for “impossible.”
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Table 5. Estimated Regression Results (Dependent variable: 1 = in the labor force,
0 otherwise)
Explanatory
Variables
Sex
Man
Woman†
Education
Junior high†
Senior high
Junior college
University or higher
Marital status
Currently married
Currently not married†
Self-rated health status
Excellent
Very good
Good
Fair†
Poor
CESD
ࣙ16
<16†
IADL
ࣙ1
0†
Nagi index
Walking 100 meters
Sitting for two hours
Standing up for a long
time
Climbing several steps
without the handrail
Climbing one step
without the handrail
Squatting or kneeling
Raising hands above
the shoulders
Pushing and pulling a
large object
Lifting and carrying
more than 5
kilograms
Picking up a small
object with fingers

Coefficient
0.234
—

T-value
21.7***
—

—
0.037
0.040
0.072

—
2.17**
2.09**
3.72***

−0.079
—

−5.91***
—

0.104
0.060
0.005
—
−0.247

5.24***
3.06**
3.45**
—
−5.52***

0.019
—

1.55
—

0.005
—

0.45
—

−0.095
−0.079
0.010

−1.51
−1.75*
0.25

−0.060

−1.35

−0.016

−0.29

−0.038
−0.013

−1.12
−0.24

−0.074

−1.42

−0.144

−2.75**

0.150

2.06**

Explanatory
Variables
Sensory organs
Eyesight
Hearing
Chewing ability
Municipalities
Takikawa
Sendai
Adachi
Chofu
Kanazawa
Shirakawa
Tondabayashi
Hiroshima†
Tosu
Naha
Year of survey
2007†
2009
2011
2013
2015
Constant

Coefficient

T-value

−0.005
−0.059
0.136

−0.16
−1.48
3.53***

0.016
−0.043
0.044
0.031
0.025
0.065
0.019
—
0.016
0.017

0.56
−1.83*
1.84*
1.15
1.13
2.84***
0.76
—
0.67
0.75

—
−0.025
−0.028
−0.036
−0.023
0.577

—
−1.68*
−1.68*
−1.87*
−0.91
4.44***

CESD = Center for Epidemiologic Studies Depression Scale, IADL = instrumental activities of daily living.
Notes: Adjusted R-squared = 0.165; number of observations = 4,666; and * , ** , and *** represent statistical
significance at the 10%, 5%, and 1% levels, respectively.
†
Denotes the reference group.
Source: Authors’ calculations.
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Figure 15. Age-Specific Observed Labor Force Participation Rate and Potential Labor
Force Participation Rate in Japan

Source: Authors’ calculations.

In addition to Japan, we have applied a comparable analytical approach
to Malaysia. In the case of Malaysia, we have drawn upon the data gathered
from the 2011 National Health and Morbidity Survey conducted by the Institute
of Public Health. The specification of regression is comparable to the Japanese
case, although the number of explanatory variables introduced into the regression
has been considerably smaller due to the limited compatibility of the information
gathered by JSTAR and the National Health and Morbidity Survey. Table 6 presents
each estimated regression coefficient together with the t-value.
The simulated results are interesting. If Malaysia’s older adults aged 60 and
over behaved in accordance with what the regression results suggest, the number of
workers older than 60 in the country would be 2.14 times higher than what it is now.
If such an increase in the number of older workers had been achieved, the country’s
GDP in 2011 would have increased between 0.55% (based upon Malaysia’s NTA’s
age-specific labor income profile) and 0.95% (based upon minimum wages). These
gains would also increase dramatically if we applied Japan’s 2009 population
structure to the Malaysian result; Malaysia’s GDP would have increased by between
2.5% and 4.2%, which is fairly comparable to the results we obtained from the
Japanese simulation.
The computational results for Japan and Malaysia suggest that the untapped
labor capacity has enormous potential to boost the GDP of these two economies.
However, we have not examined the issue of whether the use of untapped work

64 Asian Development Review
Table 6. Estimated Regression Results for Malaysia, 2011
Explanatory Variables
Constant
Sex
Ethnicity

Education

Marital status

Self-rated health status

Male
Femalea
Malaya
Chinese
Indian
Other Bumiputeras
Others
No formal educationa
Primary education
Secondary education
Tertiary education
Marrieda
Single
Widow, widower, divorcee
Good
Moderatea
Bad

Depression scale
Difficulty in work and daily activities
Eyesight

Coefficient

T-value

0.278
0.404
—
—
0.046
−0.013
0.006
0.126
—
0.040
0.097
0.228
—
0.049
0.034
0.041
—
−0.119
0.007
−0.023
0.007

8.18***
23.87***
—
—
2.30**
−0.45
0.19
2.68***
—
1.33
3.12***
5.84***
—
1.17
1.26
2.05**
—
−1.95*
1.40
−0.91
0.33

Notes: Adjusted R-squared = 0.193; number of observations = 3,114; and * , ** , and ***
represent statistical significance at the 10%, 5%, and 1% levels, respectively. “Bumiputeras”
is a broad term that denotes Malays, the indigenous peoples of Malaysia known as Orang
Asli, and the natives of Sabah and Sarawak in East Malaysia. “Other Bumiputeras” in the
table above means Bumiputeras other than Malays.
a
Denotes the reference group.
Source: Authors’ calculations.

capacity of old persons could affect the well-being of workers belonging to other
age groups.
VI. Concluding Remarks

In this paper, we have reviewed the trends in age structural shifts in a
number of selected economies in Asia over the period 1950–2050 and analyzed
their impact on the first and second demographic dividends, using the computed
results generated under the global NTA project. The computed results indicate that
although there has been and will be large variability in the level and tempo of
population aging among Asian economies, the magnitude of the impact of the first
and second demographic dividends on macroeconomic growth has been and will
be substantial in most of them. More importantly, because the first demographic
dividend is basically transitory in nature, each economy should be aware of its
timing so as to seize its potential for strengthening the socioeconomic foundations
for developing social security systems. Moreover, the impact of the second
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demographic dividend on macroeconomic growth is subject to the effectiveness of
a wide range of policies to be adopted by the government.
In addition, we have demonstrated, using the NTA framework, the impact of
age structural shifts on the pattern of intergenerational transfers in Japan over the
period 1989–2009 and subsequently compared the case of Japan in 2009 with the
cases of the Republic of Korea and Taipei,China in 2015. The brief comparison
suggests that, in view of the projected demographic trends, the Republic of Korea
and Taipei,China will follow Japan in the shifting pattern of intergenerational
transfers over the next few decades. Although our discussion has been confined
primarily to these three economies, the empirical findings concerning them are
highly applicable to other Asian economies for the following two reasons. First,
many developing Asian economies have been following these East Asian economies
in terms of their pattern of demographic development, and such a trend is likely
to persist for many years to come, as seen in the 2017 UN population projection.
Second, Japan, the Republic of Korea, and Taipei,China share traditional cultural
values to a considerable degree and have a similar family organization. Moreover,
there are many developing economies in Southeast and South Asia that have similar
sociocultural and demographic traits to East Asia. In view of this, we may expect
that the East Asian experiences of population aging and changing intergenerational
flows will lend themselves to analyzing crucial policy issues likely to crop up in the
future as part of the population aging process in developing economies in Southeast
and South Asia.
Toward the end of this paper, we dealt with a new important research topic
in the realm of population aging, “the silver demographic dividend” or “the third
demographic dividend,” which is generated through the use of the untapped work
capacity of healthy older adults. It is of great importance to note that this topic is
closely related with changes in the health of the elderly. Since it is certain that the
health of Asia’s elderly will continue improving over time, this new research topic
is likely to be addressed by more population economists in Asia and elsewhere in
the future.
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What’s Happened to Poverty and Inequality
in Indonesia over Half a Century?
Hal Hill∗

Indonesia has achieved moderately fast economic growth for most of the past
50 years. Has this growth translated into rising living standards? This is the
question that is addressed in this paper. The conclusion is a qualified yes. The
caveat is attached for two reasons: (i) philosophically, the definition of living
standards remains a subject of considerable conjecture, and (ii) not all social
indicators point in the same direction. I focus primarily on trends in measurable
indicators of human welfare, particularly poverty and inequality. Combined
with major improvements in the coverage and quality of the country’s statistics,
and a now extensive literature, it is possible to document, and in some cases
explain, trends in living standards in some detail. I also investigate whether (and
how) the sudden swing during 1999–2001 from an authoritarian and centralized
regime to a democratic and decentralized era impacted significantly on these
trends.
Keywords: growth–poverty elasticity, Indonesia, inequality, poverty
JEL codes: I32, I38, O53

I. Introduction

Indonesia has achieved moderately fast economic growth for most of the
past 50 years. Have living standards risen commensurately? The purpose of this
paper is to survey, analyze, and interpret trends in poverty and inequality over
this period. I also explore some broader analytical and policy lessons from the
Indonesian experience. The latter question is relevant, as particular aspects of
Indonesia’s political economy, policy orientations, and geography have broader
relevance. The country is the fourth-most populous in the world. It is also the
largest archipelagic state in the world, featuring enormous ecological, economic,
social, and demographic diversity. Over the past half century, it has had two distinct
political regimes: the authoritarian and centralized Soeharto period (1966–1998),
followed by the democratic and decentralized period since 1999. The country is
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also a resource-rich economy and therefore has experienced episodes of commodity
booms and busts. For these reasons, the Indonesian experience has broader lessons
for the study of living standards in developing countries.
The motivation for studying this topic is straightforward. As Nobel Laureate
Angus Deaton (2013, 23) put it, “[t]he greatest escape in human history is the
escape from poverty and death.” Yet, as one of the world’s leading poverty analysts
lamented, “[t]he teaching of economics seems to have become strangely divorced
from its applications to real world problems such as poverty” (Ravallion 2016,
xxiii).
The earlier “East Asian style” of economic development provides clear
analytical guidance on the drivers of both rapid growth and improved living
standards. That is, there was a political commitment to economic growth and
the policies required to achieve it, including (in one form or another) economic
openness, prudent macroeconomic management, rule of law, a stable commercial
environment, and broad-based investments in education and infrastructure. The
impact of this rapid growth in living standards was further enhanced by three
sets of factors: (i) growth that was labor intensive and therefore inclusive (in turn,
driven by openness that enabled countries to exploit their comparative advantage);
(ii) relatively equitable distributions of wealth and income at the outset of rapid
economic growth, partly by design, partly by accident; and (iii) reasonably effective
if blunt social policies that equipped almost all the workforce with the requisite
skills to participate in the growth process.1
At the beginning of the period of study in the mid-1960s, Indonesia was an
extremely poor country. The economy had been stagnating for much of the previous
half century, poverty and malnutrition were widespread, average life expectancy was
less than 50 years, and infant mortality was shockingly high. A nutritional expert
made the following observation: “The greater parts of Java and Nusa Tenggara,
accounting between them for 70 per cent of Indonesia’s total population, must be
regarded as malnutrition areas. The regions whose condition is fairly satisfactory
are the minority, only 30 per cent” (Napitupulu 1968, 69).
Serious quantitative research on living standards in the then Netherlands East
Indies began in the early 20th century.2 The findings highlighted the extremely
low living standards for the vast majority of the population, alongside the highly
segmented nature of colonial society. Assessing a range of data, Van Zanden and
Marks (2012, 119) analyzed historical living standards based on studies of real
wages, heights, inequality, and numeracy. They concluded that “[t]here is little
evidence that colonial rule in the long run brought about a real improvement in
1

For a broad overview of East Asian economic and social development, see World Bank (1993) and Perkins

(2013).
2
One study stretching back earlier is Baten, Stegl, and van der Eng (2013), who used four sets of
anthropometric data to construct time series for human heights over the period 1770–2000 as a proxy for biological
living standards. The major conclusion was that there was general improvement after independence in 1945.
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the standard of living of the Indonesian population.” They also found that “peasants
had [ …] not profited from agricultural modernization; their living standards had
remained the same at best, and the gains of growth had gone to the Chinese
merchants and the Dutch capitalists.”
During the first 2 decades of slow growth after independence in 1945, the
evidence on living standards is mixed. It is unlikely that there were any significant
inroads made on poverty. There was also little if any improvement in nutrition levels.
According to the first national household socioeconomic surveys in 1963/64, known
as Survei Sosio-Ekonomi Nasional (Susenas), 61% of households in Java fell below
the very modest “Sajogyo” poverty lines—so named after its inventor, Professor
Sajogyo—of 20 or 30 kilograms of monthly per capita rice consumption for rural
and urban areas, respectively (Booth 2016).
From the late 1960s, the economy began to grow quickly at a rate that was
sustained for most of the following 5 decades. Combined with major improvements
in the coverage and quality of the country’s statistics, and a now extensive literature,
it is possible to document, and in some cases explain, the trends in living standards
in detail. In section II, I examine trends and determinants of poverty. In section III, I
investigate inequality, including the government’s emerging social policy initiatives.
Section IV sums up the findings. My major conclusion is a positive one: poverty has
declined quickly in response to accelerated economic growth. However, inequality
has risen significantly for much of the past quarter century. As a result, poverty
has become less responsive to growth, which has slowed since the late 1990s. The
government has also begun to establish a rudimentary social welfare net, but in
other respects, the effects of various policy interventions have been mixed.
II. Poverty

In principle, the measurement of poverty is relatively straightforward.3 It
involves, first, establishing a poverty line (i.e., a numerical value that constitutes
an agreed minimum acceptable standard of living). The next step is to measure
the poverty incidence, typically the head count poverty rate, or the percentage of
individuals whose measured consumption falls below the line. This, in turn, requires
accurate expenditure and, desirably, income data.
However, translating these broad principles into empirically accurate, robust,
and credible estimates includes at least the following dimensions:4
3
There is a large literature on poverty in Indonesia which I draw upon in this section. Manning and Sumarto
(2011) is the key volume on the first decade after the 1997/98 Asian financial crisis. Priebe (2014) provides a
detailed methodological review of the Susenas data since 1984. In addition to the references cited in the text, notable
contributions include Balisacan, Pernia, and Asra (2003); Booth (2016, 2019); Manning and Miranti (2015); De
Silva and Sumarto (2014); Sumner and Edward (2014); and several World Bank publications that are listed in the
references.
4
See Deaton (2013) and Ravallion (2016) for comprehensive analyses of these issues.
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A.

(i)

What poverty line should be used?

(ii)

Is poverty estimated as a single numeric (head count) value, or should
other measures be used?5 In practice these measures generally move
closely together.

(iii)

How much mobility or “churning” is there (i.e., people moving above
and below the poverty line over time)?

(iv)

In converting the monetary expenditure into food and other subsistence
requirements, what prices should be used, and should these prices vary
across socioeconomic class and location?

(v)

Where data are collected at the household level (as is typically
the case), what about intrahousehold allocations, especially in the
(majority) case of male-headed households?

(vi)

What adjustments should be made for specific personal circumstances
such as individual family needs (specialized health requirements),
local environmental factors, and extreme events (incidence of natural
disasters)?

(vii)

Are nonmonetary indicators of well-being relevant, and if so, which
ones should be used?

(viii)

Are the data consistent, reliable, and credible?

A First Look at Poverty in Indonesia

I rely mainly on the poverty estimates calculated by the Indonesian statistical
agency, Badan Pusat Statistik (BPS). BPS has constructed a poverty line based on
what it considers to be an individual’s minimum basic needs. Its poverty line is the
sum of food and nonfood items. The food poverty line is currently the expenditure
required to obtain 2,100 kilocalories per capita per day, spread across 52 different
food types. The nonfood poverty line covers mainly housing, clothing, education,
and health. The data are collected in a twice-yearly Susenas household survey.6
5
The most widely used additional indicator is the poverty gap index, sometimes referred to as the intensity
of poverty. It is defined as the gap between the mean consumption (or income) of the poor and the poverty line as a
ratio of the poverty line.
6
In March every year, Susenas surveys 300,000 households, while in September, it surveys 75,000
households. Both samples are randomly selected from 34 provinces and 514 districts. The March surveys are therefore
more comprehensive and used for subnational estimates. The collection months have varied somewhat over time,
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The BPS approach to poverty measurement and estimation has, in principle, been
consistent throughout this period. However, there have been frequent changes
in measurement and basket composition, such that Priebe (2014, 201) observes,
“only since 2007 has BPS’s poverty measurement been relatively consistent and
comparable over time.”
Table 1 presents the official BPS head count poverty estimates for the period
1970–2018—that is, the number and percentage of the population with estimated
consumption below various poverty lines. The first three columns show the number
of people below the BPS poverty line, disaggregated into urban and rural areas.
The next three columns express these numbers as a percentage of the relevant
population. Columns 7 and 8 record the rupiah value of the monthly poverty
line. Columns 9–10 compute the poverty percentages for the two current daily
international (World Bank) poverty lines, broadly corresponding to that for low($1.9 per day) and lower-middle- ($3.2 per day) income economies, all expressed
in purchasing power parity (PPP) at 2011 prices.7 The 1970 data are incomplete,
reflecting the fact that the Susenas data collection was at an embryonic stage, while
estimates according to the international poverty lines are only available from 1984
onward.8
Several conclusions can be drawn from this large body of data. Examining
the trends over time, there has clearly been a dramatic decline in poverty incidence
from 60% to just under 10% over nearly half a century. In fact, the decline is even
greater since BPS introduced a higher poverty line in 1996 and 1998. A crude
splicing of the data—that is, assuming a similar consumption distribution for the
two poverty lines—would suggest that the 2018 figure according to the original
poverty line would probably be about 7%. This is my major general conclusion:
that Indonesia has been highly successful in reducing the poverty of its citizenry.
None of the caveats, doubts, and qualifications discussed below fundamentally alter
this conclusion.
Several additional observations are relevant. First, the number of poor people
has declined more slowly than the percentage for the obvious reason that Indonesia’s
total population has been increasing. The absolute numbers have also declined more
slowly in years when economic growth has been slower and/or income inequality
has increased. Apart from the special case of the 1997/98 Asian financial crisis,

but in almost all years, there has been a survey in one of the first 3 months of the year. Table 3 in Priebe (2014)
also documents the Susenas sample size and the number of food and nonfood items in the Susenas module. The
BPS attempts to adjust for regional price differences in its poverty estimates. I am not aware of any independent
verification of these adjustments, but BPS is certainly aware of the importance of the issue.
7
See World Bank. PovcalNet. http://iresearch.worldbank.org/PovcalNet/introduction.aspx (accessed May 15,
2019).
8
The data from before 1976 are incomplete and for all intents and purposes unavailable at the subnational
level. Booth (1992) and others have shown, on the basis of fragmentary but plausible evidence, that there was a
significant decline in poverty incidence in the decade prior to the mid-1970s.

Urban

10
8.3
9.5
9.3
9.3
9.7
9.4
8.7
7.2
9.42
17.6
15.64
12.31
8.6
13.32
12.26
11.37
12.4
14.49
13.56
12.77
11.91
11.1
11.05
10.95
10.65
10.51

Year

1970
1976
1978
1980
1981
1984
1987
1990
1993
1996
1996
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
March 2011
Sep-11
March 2012
Sep-12

44.2
38.9
32.8
31.3
25.7
20.3
17.8
17.2
15.3
24.59
31.9
32.33
26.43
29.27
25.08
25.08
24.78
22.7
24.81
23.61
22.19
20.62
19.93
18.97
18.94
18.49
18.09

Rural
70
54.2
47.2
42.3
40.6
35
30
27.2
25.9
22.5
34.01
49.5
47.97
38.74
37.87
38.39
37.34
36.15
35.1
39.3
37.17
34.96
32.53
31.02
30.02
29.89
29.13
28.59

Total

Number in Poverty
(Million)

38.8
30.8
29
28.1
23.1
20.1
16.8
13.4
9.7
13.39
21.92
19.41
14.6
9.79
14.46
13.57
12.13
11.68
13.47
12.52
11.65
10.72
9.87
9.23
9.09
8.78
8.6

40.4
33.4
28.4
26.5
21.2
16.1
14.3
13.8
12.3
19.78
25.72
26.03
22.38
24.84
21.1
20.23
20.11
19.98
21.81
20.37
18.93
17.35
16.56
15.72
15.59
15.12
14.7

Rural
60
40.1
33.3
28.6
26.9
21.6
17.4
15.1
13.7
11.3
17.47
24.2
23.43
19.14
18.41
18.2
17.42
16.66
15.97
17.75
16.58
15.42
14.15
13.33
12.49
12.36
11.96
11.66

Total

% of Population
Urban
4,522
4,969
6,831
9,777
13,731
17,381
20,614
27,905
38,246
42,032
96,959
92,409
91,632
100,011
130,499
138,803
143,455
165,565
174,290
187,942
204,896
222,123
232,989
253,016
263,594
267,408
277,382

Urban
2,849
2,981
4,449
5,877
7,746
10,294
13,295
18,244
27,413
31,366
72,780
74,272
73,648
80,382
96,512
105,888
108,725
117,365
130,584
146,837
161,831
179,835
192,354
213,395
223,181
229,226
240,441

Rural

Poverty Line
(Per capita,
LCY, monthly)

Table 1. Poverty in Indonesia, 1970–2018

79.7
90.2
80.1
79.9
77.6
65
62.7
62.9
61.3
65.7
58.4
57.3
54.7
48.1
45.1

43.3

47.4
66.7
41.7
39.3
35.5
22.8
22.6
23.9
21.1
27.4
22.4
21.8
18.2
15.7
13.3

11.6

Continued.

91.7
92.7
87
86.6

% of
Population
($3.2 per day
at PPP)

71.4
71.4
58.8
58.5

% of
Population
($1.9 per day
at PPP)
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10.33
10.63
10.51
10.36
10.65
10.62
10.34
10.49
10.67
10.27
10.14

March 2013
Sep-13
March 2014
Sep-14
March 2015
Sep-15
March 2016
Sep-16
March 2017
Sep-17
March 2018

17.74
17.92
17.77
17.37
17.94
17.89
17.67
17.28
17.1
16.31
15.81

Rural

Total
28.07
28.55
28.28
27.73
28.59
28.51
28.01
27.76
27.77
26.58
25.95

8.39
8.52
8.34
8.16
8.29
8.22
7.79
7.73
7.72
7.26
7.02

14.32
14.42
14.17
13.76
14.21
14.09
14.11
13.96
13.93
13.47
13.20

Rural
11.37
11.47
11.25
10.96
11.22
11.13
10.86
10.7
10.64
10.12
9.82

Total

% of Population
Urban

LCY = local currency, PPP = purchasing power parity.
Source: Badan Pusat Statistik estimates (Unpublished).

Urban

Year

Number in Poverty
(Million)
289,042
308,826
318,514
326,853
342,541
356,378
364,527
372,114
385,621
400,995
415,614

253,273
275,779
286,097
296,681
317,881
333,034
343,647
350,420
361,496
370,910
383,908

Rural

Poverty Line
(Per capita,
LCY, monthly)
Urban

Table 1. Continued.

40.8
37.9
33.1
31
27.3

7.9
7.2
6.5
5.7

% of
Population
($3.2 per day
at PPP)

9.4

% of
Population
($1.9 per day
at PPP)
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there have been a few cases when the absolute numbers have increased slightly
(e.g., 2002 and 2006).
Second, there are two poverty series. This is because in 1996 and 1998, the
official poverty line was revised upward and hence, the official poverty numbers
also increased by about 50%.9 Of course, the actual incidence of poverty remained
unchanged. This highlights the fact that poverty lines need to be developed with
reference to what are considered to be acceptable community norms concerning
a “decent” living standard. A poverty line suited to the Indonesia of the 1960s,
characterized by very widespread destitution, was not suitable for the middleincome Indonesia of 1996, when per capita incomes had risen more than fourfold. In
the presence of rising incomes, these upward revisions need to be undertaken on an
intermittent basis. However, for intertemporal comparisons, poverty lines need to be
consistently defined. Ideally, poverty estimates would be available for all lines and
for all periods. Alternatively, at least there should be overlapping poverty estimates
for the years in which the revisions occur (as the BPS estimates do in Table 1), so
that a longer-term spliced series can be constructed.
The revision of poverty lines also draws attention to the broader issue of
absolute versus relative poverty. That is, should poverty be defined as the former,
according to some definition of minimum human needs that the community deems
acceptable? Or should it be a relative measure defined with reference to the
community’s average living standards? For example, a common (albeit arbitrary)
approach is to define the poverty line as equivalent to two-thirds of the average
income. Relative poverty therefore becomes a question of inequality, which I
examine in the following section.10
A third observation is that for each year, there is a wide range of poverty
estimates. I examine this in more detail in the next section, but I note here the
rural–urban dimensions. As columns 4 and 5 show, both poverty series have
fallen sharply. Numerically of course, as Warr (2015) and others argue, the major
reduction in absolute poverty has been in rural areas since that is where the largest
number of poor people reside. According to the estimates in Table 1, rural and
urban poverty incidence were broadly similar prior to 1996. However, since 2000,
recorded rural poverty has been significantly higher, generally by at least 50% and
sometimes higher still. The recorded differences for the earlier period are thought to
9
Priebe (2014) documents these changes, including a broadening of the basket of goods to include more
expensive food and nonfood items. BPS poverty overlap series have been published for both 1996 and 1998. The
latter was such an atypical year (i.e., hyperinflation and a deep economic crisis) that the overlap year presented here
is for 1996.
10
The most ambitious long-term estimates of poverty and inequality were made by Van Leeuwen and Foldvari
(2016), extending over the period 1932–2006 and based on expenditure and population shares for six urban and four
rural household categories (and employing social accounting matrices from 1975). They convert the groups into
expenditure averages and then estimate poverty on the basis of a poverty line defined as 50% of the median income.
In effect, they generate relative poverty (or distribution) numbers. Their results (Table 6) more or less accord with a
priori expectations: poverty is found to be rising from 1932 to 1959, then falling quite quickly before rising again in
the 1990s under the impact of the 1997/98 Asian financial crisis.
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be due to incorrect costings of the nonfood basket in urban areas.11 In any case, the
rural–urban distinctions are often blurred, especially in densely populated regions
like Java and Bali where there is extensive commuter and circular migration.
Fourth, the data clearly show that growth really matters, but also that it is not
the only determining factor. From Table 1, it is clear that changes in the poverty
incidence in Indonesia have followed economic growth quite closely, particularly in
the 1970s and 1980s. Conversely, the one major increase in poverty occurred, not
surprisingly, during the 1997/98 Asian financial crisis, when the poverty incidence
rose by more than one-third. Poverty then fell fairly quickly as growth resumed,
such that the head count poverty figure returned to the precrisis rate shortly after per
capita income caught up to the precrisis level. Table 1 also illustrates that there is not
an exact one-to-one correspondence between growth and the change in poverty. For
example, there are instances of small increases in poverty even when gross domestic
product (GDP) growth is positive (e.g., 2006/07). These occurrences are typically
the result of movements in the prices of goods and services that are significant items
in the budgets of the poor and near poor. In 2006/07, for example, it was rising food
and petroleum prices, both the result of global price changes that passed through to
Indonesian consumers.12
A fifth observation is that these are national average statistics. In a huge and
diverse country like Indonesia, it is just as important to explore subnational patterns.
In fact, almost all regions have enjoyed falling poverty, but the rate of decline has
been quite uneven, depending on regional economic growth and employment, and
other local factors, including local conflict and natural disasters (Ilmma and Wai-Poi
2014). There are two major exceptions to this conclusion of generalized declines in
poverty. The first is the two Papua provinces, where uniquely complex development
challenges have resulted in rising poverty incidence even though economic growth
has been positive (Resosudarmo et al. 2014). The second was during the 1997/98
Asian financial crisis, when there were large subnational variations in the effects
on economic activity and living standards. In particular, Jakarta and West Java,
with their larger modern services and manufacturing sectors, experienced a greater
economic decline than several of the agricultural exporting regions off-Java, which
benefited from the large rupiah depreciation. These differences are also reflected
in the larger proportionate increase in urban poverty during the 1997/98 Asian
financial crisis, as shown in columns 4 and 5 of Table 1.
Sixth, there is extensive econometric and qualitative literature that examines
the characteristics of households that fall below the poverty line and the mobility

11

See Priebe (2014) and an earlier paper on the subject by Ravallion and Huppi (1991).
Arianto Patunru (2019 and earlier papers) has drawn attention to the government’s interventions in the key
sectors of petroleum and rice, and their equity implications. The restrictions on rice imports have increased domestic
prices and hence poverty incidence. The petroleum subsidies have increased inequality since higher income groups
benefit disproportionately.
12
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of these poor households.13 Education of the household head consistently emerges
as the most important determinant. Other factors include household size, household
assets (wealth), the employment status and sector of the household head, health
status, and location (urban or rural). Poverty incidence is also significantly higher
among the elderly (Priebe 2017). Perhaps surprisingly, being a female-headed
household does not appear to be a major factor, perhaps in part because there are
relatively few of them.
Finally, it is readily apparent just from visual inspection that poverty has been
declining more slowly since around 2000. Is it because economic growth has been
slower, or because poverty has become less responsive to growth? I examine this
issue below by computing poverty–growth elasticities.
B.

Different Lines, Different Poverty Estimates

Different poverty lines obviously generate different poverty estimates. How
sensitive are poverty estimates to alternative poverty measures? The consumption
expenditures of a population are distributed around the mean, with the degree of
skewness providing a first indication of a country’s inequality. Obviously, the higher
(lower) the poverty line—the location of the cut-off marker in the distribution
of consumption expenditures—the higher (lower) will be the head count poverty
estimates. In fact, since the consumption of most Indonesians (and the citizens of
most countries) is clustered close to the national mean (and median), even relatively
small variations in the poverty line can generate quite large differences in head count
poverty.
The data in Table 1 illustrate these differences. For example, in 2017, the
head count poverty estimates ranged from 5.7% according to the $1.9 poverty
line to 10.1% for the national line, and 27.3% for the $3.2 line. Which number
is the correct one? The answer of course is that it depends on what one is
trying to measure, and what the community regards as an acceptable minimum
standard of living. A first assumption would be that the national (BPS) line
reflects such preferences. However, for intercountry comparisons, the international
benchmarks are the relevant yardsticks. These numbers are also highly sensitive to
the distribution of consumption, such that the relativities and rankings change over
time. In 1996, for example, the revised national poverty estimate was lower than
both international poverty lines.
The sensitivity of poverty estimates to alternative poverty definitions is
clearly illustrated by examining more closely the distribution of consumption
expenditures. Figure 1 shows the percentile expenditure distribution according
to Susenas for 6 years over the period 1980–2018. Two poverty thresholds are
13
See, for example, Dartanto and Nurkholis (2013); Dartanto, Moeis, and Otsubo (2020); De Silva and
Sumarto (2014); and World Bank (2018a).
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Figure 1. The Distribution of Consumption Expenditure by Percentile

IDR = Indonesian rupiah.
Note: The left dashed line refers to the $1.9 poverty line (PPP at 2011 prices), while the right dashed line is 1.5 times
this measure.
Source: Author’s calculations based on Badan Pusat Statistik. Survei Sosio-Ekonomi Nasional, 1980–2018.

superimposed on this distribution: the $1.9 line (PPP at 2011 prices) and a line that
is 1.5 times this measure. The latter is introduced to indicate the effects on measured
head count poverty of a relatively small change in the poverty threshold. There are
three key points to observe. The first is that the distribution is a skewed one. The
majority of people are below the mean, which is pulled up by a small number of
rich consumers. The second is the shift to the right in the distributions over time,
as ever more Indonesians crossed the poverty threshold. Third, most people are
clustered close to the mean (and median); that is, they are poor or near poor. (I will
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show below that there is also considerable mobility between these two groups.) To
emphasize, this clustering in turn explains why relatively small adjustments to the
poverty line can result in large changes in recorded poverty incidence.
C.

How Responsive is Poverty to Economic Growth?

As noted, changes in poverty are determined by the aggregate rate of
economic growth and the responsiveness of poverty to that growth. The latter, the
growth elasticity of poverty (GEP), is defined as the ratio of the proportionate
change in the poverty measure to the rate of growth in the mean over the same
period. I focus here on the relationship between the change in the head count
poverty percentage and the rate of growth in GDP per capita. (Alternative poverty
measures could also be selected.) Therefore, the GEP incorporates the effects of the
distribution of income (and wealth) on poverty reduction. The more egalitarian this
distribution, the larger the impact on poverty of a given rate of economic growth.
Since, as shown above, the majority of households’ expenditures are clustered
close to the mean, the results can be highly sensitive to even small changes in the
expenditure of these households. Therefore, an aggregate inequality measure such
as the Gini ratio may not necessarily detect these changes. For example, poverty
incidence is highly sensitive to a change in the price of food staples, even though
the impact of the latter on the Gini may be relatively small.
The GEP is derived from the following identity: P = Y(P/Y), where
P is head count poverty and Y is per capita GDP. I estimate it on an annual basis for
the period 1970–2018. Theory provides little a priori guidance on its likely trend.
It might be conjectured that poverty would be less responsive to growth during
the authoritarian, centralized Soeharto regime compared to the democratic regime
after 1999, which also saw the introduction of modest social welfare transfers. Yet,
summarizing this literature, I have argued elsewhere that many of the Soeharto
era policies were actually pro-poor (Hill 2000, 2018). Moreover, political theory
informs us that there is no guarantee under democracy that the voting preferences
of the majority would necessarily attach a high weight to the welfare of the bottom
10%–20% of the population in terms of income distribution. Agricultural and labor
market policies also have a major impact on the GEP, as will be discussed further
below, and there are regional and gender poverty traps that are not necessarily
responsive to growth. More broadly, it may be the case that in the early stages
of economic development, growth is an effective if blunt instrument for poverty
alleviation, but focused, fine-tuned measures are required to address the special
needs of the residual, hard-core population.
With these caveats in mind, I now examine the data in Table 2, which presents
the GEP estimates.14 The table assembles the BPS head count poverty estimate and
14

See Pritchett (2011) for a discussion of some of these issues in the Indonesian context.
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Table 2. Growth–Poverty Elasticities, 1970–2018

Year

Head Count
Poverty Rate
(%)

1970
60
1976
40.1
1978
33.3
1980
28.6
1981
26.9
1984
21.6
1987
17.4
1990
15.1
1993
13.7
1996
11.3
Average
Median
End-to-end, 1996–1976

Year

Head Count
Poverty Rate
(%)

1996
17.47
1998
24.2
1999
23.43
2000
19.14
2001
18.41
2002
18.2
2003
17.42
2004
16.66
2005
15.97
2006
17.75
2007
16.58
2008
15.42
2009
14.15
2010
13.33
2011
12.49
2012
11.96
2013
11.37
2014
11.25
2015
11.22
2016
10.86
2017
10.64
2018
9.82
Average
Median
End-to-end, 2017–2008
End-to-end, 2008–1998
End-to-end, 2017–1998

Change in
Head Count
Poverty Rate
(%)

GDP per
Capita
(LCY,
constant
price 2010)

GDP per
Capita
(1976 =
100)

−33.2
−17.0
−14.1
−5.9
−19.7
−19.4
−13.2
−9.3
−17.5

7,016,451
8,992,523
9,948,191
11,188,870
11,796,809
12,564,051
13,453,897
15,522,805
17,891,101
21,434,872

78.0
100.0
110.6
124.4
131.2
139.7
149.6
172.6
199.0
238.4

−71.8
Change in
Head Count
Poverty Rate
(%)
38.5
−3.2
−18.3
−3.8
−1.1
−4.3
−4.4
−4.1
11.1
−6.6
−7.0
−8.2
−5.8
−6.3
−4.2
−4.9
−1.1
−0.3
−3.2
−2.0
−7.7

Change in
GDP per
Capita
(%)

Implied
Growth
Elasticity

138.4

−1.18
−1.60
−1.13
−1.09
−3.03
−2.75
−0.86
−0.61
−0.88
−1.46
−1.13
−0.52

28.2
10.6
12.5
5.4
6.5
7.1
15.4
15.3
19.8

GDP per
Capita
(LCY,
constant
price 2010)

GDP per
Capita
(2000 =
100)

Change in
GDP per
Capita
(%)

Implied
Growth
Elasticity

21,434,872
18,946,595
18,831,293
19,484,343
19,915,014
20,523,897
21,208,867
21,970,090
22,903,436
23,834,756
25,004,283
26,152,132
26,998,988
28,302,888
29,659,799
31,047,023
32,362,911
33,570,451
34,794,095
36,132,033
37,549,519

110.0
97.2
96.6
100.0
102.2
105.3
108.9
112.8
117.5
122.3
128.3
134.2
138.6
145.3
152.2
159.3
166.1
172.3
178.6
185.4
192.7

−11.6
−0.6
3.5
2.2
3.1
3.3
3.6
4.2
4.1
4.9
4.6
3.2
4.8
4.8
4.7
4.2
3.7
3.6
3.8
3.9

−3.32
5.23
−5.28
−1.73
−0.37
−1.28
−1.22
−0.97
2.74
−1.34
−1.52
−2.54
−1.20
−1.31
−0.91
−1.16
−0.28
−0.07
−0.83
−0.52

43.6
38.0
98.2

−0.90
−1.18
−0.83
−0.95
−0.57

−36.3
−36.3
−56.0

GDP = gross domestic product, LCY = local currency.
Source: Badan Pusat Statistik national accounts data (Unpublished).
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its percentage change for that year (columns 2 and 3) and real GDP per capita and
its percentage change (columns 4–6). The implied growth elasticity is calculated
in column 7. The series are presented for all years for which there are Susenas
data, with a break in 1996 to incorporate the revised BPS poverty definition. The
estimates through 1996 generally span more than 1 year since the Susenas was not
conducted annually for most of this period. Summary period averages (mean and
median) are also presented.
Several findings emerge. First, the elasticity has the expected negative sign
for every year. That is, poverty declines with economic growth, and the converse
holds for the aberrant 1997/98 Asian financial crisis period and also for 2006,
the year of rising petroleum and rice prices. Second, on average, poverty was
more responsive to growth over the period 1976–1996 than it was for the period
1996–2018. (This refers to my preferred measure, the mean; the median figures are
quite similar.) Third, not surprisingly, there are considerable year-to-year variations
to the extent that one hesitates to draw major conclusions. But at least some general
inferences may be drawn. One is that the transition to democracy has not had
any appreciable impact in either direction. Another is that the commodity boom
years of the 1970s and approximately 2005–2012 do not stand out as periods of
highly responsive poverty declines. Furthermore, poverty responsiveness in the
last 5 years of the review period appears to be low, with all but one observation
being below unity. In fact, the one period when poverty appeared to be the most
growth responsive was the 1980s, coinciding with the very strong growth in rice
production and labor-intensive manufactured exports. However, these are at best
tentative inferences since many factors influence these outcomes.
The combined effects of growth and inequality may also be examined by
estimating growth incidence curves (GICs), which show the annualized growth
rate in per capita consumption or income for each group (e.g., percentile and
decile) between two points in time.15 The results are presented in Figure 2 for the
period 1980–2017, both for the entire period and for key subperiods: 1980–1990,
1990–1996, 1996–2000, and 2000–2017. As noted, these coincide with fairly
distinct episodes, which include, respectively, policy reform in the wake of
the commodity boom, high growth prior to the 1997/98 Asian financial crisis,
the 1997/98 Asian financial crisis and recovery, and slower growth during the
democratic era. The spatial plus temporal series is used, and the data are derived
directly from the unadjusted Susenas data. Owing to the undercoverage of Susenas,
the average consumption growth rates are lower than those reported in the national
accounts. Therefore, my focus is on the relativities rather than the absolute changes.

15
See Ravallion (2016, 264–66) for a concise explanation of the two concepts and the link between them. I
am very grateful to Vivi Alatas and Imam Setiawan at the World Bank Jakarta office for kindly providing these data.
However, all interpretations are mine alone.
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Figure 2. Growth Incidence Curves for Indonesia (Spatial Plus Temporal), 1980–2017

Source: Author’s calculations based on World Bank Jakarta data (Unpublished).

Several observations are relevant. First, apart from the special case of
the 1997/98 Asian financial crisis, the growth of consumption for practically all
households is positive, confirming the generalized decline in poverty incidence.
Second, for the period as a whole, the curve takes a reverse J shape (i.e., upward
sloping from about the third decile). This implies rising inequality since higherincome groups are benefiting at a faster rate. The expenditure of the bottom
5% is above average, whereas the next 30 or so percentiles are below average.
Looking at the subperiods, the clearest example of egalitarian growth occurred in
the 1980s. As noted, this was the decade of strong agricultural growth and major
trade and investment liberalization that spurred on labor-intensive manufactured
exports. The necessary fiscal adjustments in the wake of declining oil prices were
also handled in a distributionally sensitive manner, as demonstrated by Thorbecke
(1991). This pattern was exactly reversed in the period 1990–1996, as the GIC rose
with higher consumption groups, with a particularly pronounced increase for the
top decile. This was the period of financial liberalization and egregious Soeharto
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family corruption, factors which may serve as hypothesized explanations for the
trend. The bottom four deciles are recorded as having slightly negative consumption
growth; although in practice, after allowing for the Susenas understatement, the
actual growth was probably positive.
The GIC for the crisis period 1996–2000 represented a return to declining
inequality, albeit with most groups also experiencing declining consumption. The
three lowest decile groups were the least adversely affected, reflecting agricultural
buoyancy and the resilience of the informal sector, while the top consumption
groups, connected to the imploding modern finance and service economy, were the
most affected. The democratic era of 2000–2017 shows a return to inequality; that
is, the higher the consumption group, the faster the increase in consumption. At
least in this era, the consumption of all groups was rising. Suryahadi and Al Izzati
(2019) have decomposed the GICs over this period into presidential terms (see also
De Silva and Sumarto 2014). They find that the GICs are positively sloped during
the two Yudhoyono presidencies, meaning the higher consumption groups benefited
the most, whereas during the Jokowi presidency (at least its first 3 years), the GIC
was an inverted U, indicating that the middle class were the primary beneficiaries.
D.

Moving In and Out of Poverty

The discussion thus far has been premised on the assumption that people
are either poor or nonpoor. But the reality is infinitely more complex principally
because, as noted, the expenditure of the majority of the population is clustered
close to one or more of the poverty lines. Thus, even minor shocks, positive or
negative, can easily push people above or below the poverty line. The question then
is: how much mobility (or churning) is there across the poverty line? The answer is:
a significant amount.
There are various one-off mobility estimates from Susenas, but this data
series is generally not constructed in a manner that enables panel data analysis
to be undertaken (a significant shortcoming of an otherwise high-class dataset).
Fortunately, the Indonesian Family Life Survey (IFLS) data enable longer-term
mobility estimates to be made.16 The IFLS, a socioeconomic and health survey,
is one of the most comprehensive longitudinal datasets of its type in the developing
world. It commenced in 1993 with a survey of 22,000 individuals living in 7,224
households drawn from 13 of the country’s then 26 provinces, covering 83% of
the national population. This was followed by IFLS II in 1997 with a (remarkable)
94.4% recontact rate. Subsequent rounds were conducted in 2000 (95.3% recontact
rate), 2007 (93.6%), and 2014 (90.5%). The IFLS is not a specialized poverty
16
See Firman (2018) for a detailed description of the IFLS. The IFLS has become an invaluable public good
as the most widely used nongovernment statistical resource in Indonesia (and probably Southeast Asia). It is not a
specialist poverty data collection exercise, and it does not adjust for regional price differences. For more details, see
https://www.rand.org/well-being/social-and-behavioral-policy/data/FLS/IFLS.html.
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database. But it is the best data source of its type available, it is conducted rigorously
by specialists in the field, its recontact rates are high by international standards, and
its results have been intensively used and scrutinized by thousands of researchers.
The following analysis presents and discusses the results of a pioneering
World Bank (2018a) research report.17 The researchers developed “synthetic”
province-specific poverty lines drawing on the IFLS data that are consistent with
Susenas. The data were calculated for each contiguous set of IFLS surveys (i.e.,
IFLS I to IFLS II, and so on), as well as for the entire 21-year period (IFLS I
to IFLS V). The authors caution that the latter estimates, while analytically the
most interesting, owing to the longer time period, may be subject to sample bias,
due to the higher attrition rate.18 Moreover, the subperiod analysis is interesting
as it facilitates an examination of the impacts of period-specific events, such as
the 1997/98 Asian financial crisis, which would be obscured in the longer-period
analysis.
To examine mobility, the authors classify households into four groups:
(i) poor, (ii) vulnerable, (iii) aspiring middle class, and (iv) middle class. The
classifications are defined with reference to the revised official BPS line. The poor
have a consumption level that falls below that line, while the dividing lines for the
vulnerable and aspiring middle class are consumption levels that are approximately
1.5 times and 3.5 times the poverty line, respectively. That is, the consumption of
the vulnerable falls between 1 and 1.5 times the poverty line, and so on.
The results are presented in Table 3. Five comparative sets are provided. They
enable conclusions to be drawn about the extent of upward and downward mobility
over time. For example, from the fifth set (1993–2014), it can be seen that 24% of
the individuals who were poor in 1993 remained so in 2014, while the remaining
76% had moved into one of the three better-off groups.
The major conclusion is a positive one of upward economic mobility and
relatively rare cases of significant downward mobility. For the period as a whole,
more than half the individuals who were poor at the beginning of the period had
moved into either the aspiring or actual middle-class groups. The vulnerable in 1993
registered similar upward mobility. On the other hand, the great majority (87%) who
were middle class at the beginning of the period either remained in the middle class
or the aspiring group.
Broadly similar patterns are evident for each of the subperiods, except for
that straddling the 1997/98 Asian financial crisis, although the mobility is obviously
less pronounced for shorter time periods. In each subperiod, even (surprisingly)
17
I thank the pioneering research team and particularly its principal author, Matthew Wai-Poi, for kindly
making these research results available and for many helpful discussions. To the best of my knowledge, there has
only been one other detailed examination of Indonesian poverty mobility using the IFLS data, that by Dartanto,
Moeis, and Otsubo (2020). Although they employ different poverty thresholds and methodologies, their principal
conclusions are similar to ours.
18
Examples include households splitting into new households, households moving into non-IFLS regions,
refusals to participate, and mortality.
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Table 3. Moving In and Out of Poverty
IFLS Transition Matrices
Group
1. IFLS I–II, 1993–1997
Poor
Vulnerable
Aspiring middle class
Middle class
2. IFLS II–III, 1997–2000
Poor
Vulnerable
Aspiring middle class
Middle class
3. IFLS III–IV, 2000–2007
Poor
Vulnerable
Aspiring middle class
Middle class
4. IFLS IV–V, 2007–2014
Poor
Vulnerable
Aspiring middle class
Middle class
5. IFLS I–V, 1993–2014
Poor
Vulnerable
Aspiring middle class
Middle class

Poor

Vulnerable

Aspiring
Middle Class

Middle
Class

39.9
18
8.6
2

30.3
29
17.4
8.4

25.7
44
53.5
41.8

4.2
9
20.5
47.9

44.8
25.2
10.8
4.2

29.4
30.3
19.9
7.4

23.3
39.8
54.3
44

2.5
4.7
15
44.4

34.8
19.7
8
2.6

31.1
28.5
20.4
7.6

29.6
45.6
53.8
47.1

4.5
6.2
17.8
42.6

30.4
16.7
6.6
2.5

28.1
20
15.4
7.7

36
46.1
54.9
37.9

5.5
10.2
23.2
51.9

23.7
15.1
7.7
3.8

23.9
21.8
17.7
9.3

42.1
47.2
51
43.2

10.4
15.8
23.6
43.7

IFLS = Indonesian Family Life Survey.
Source: World Bank. 2018b. Revisiting the Distributional Impact of Fiscal Policy in
Indonesia—Who Benefits, Who Pays? Unpublished paper.

1997–2000, more than half of the poor moved upward. Such a pattern is also evident
for the vulnerable, with more than half moving upward except during the 1997/98
Asian financial crisis. At the other end of the spectrum, it is very uncommon for
the middle class to slip backward: less than 5% fall into poverty in any of the
periods, while only slightly higher numbers fall into the vulnerable group. However,
entering the middle class is still relatively uncommon for the poor and, to a lesser
extent, the vulnerable. It might be hypothesized that the rate of upward mobility
has been declining in the face of rising inequality, but the data do not facilitate
detailed examination of this issue. Only the period 1997–2000 recorded declining
inequality, but there were many other potentially causal factors also present at this
time of crisis.
E.

Indonesia in Comparative Perspective

How does the Indonesian record look in comparative international
perspective? There are no obvious country comparators in the sense of countries
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Table 4. Poverty, Comparative Dimensions
Comparative Poverty Estimates, 1981–2015
Country
1. Povcal $1.9
PRC
India
Indonesia
Philippines
Thailand
2. Povcal $3.2
PRC
India
Indonesia
Philippines
Thailand

Initial Poverty (%) Final Poverty (%) Difference Difference per Year IGPE
88.1
57.4
76.4
24.2
19.6

0.7
13.4
7.2
7.8
Negligible

87.4
44
69.2
16.4
19.6

2.6
1.3
2
0.5
0.6

−1.8
−0.9
−1.3
−1.2
−4.6

99.3
86.5
93.5
53.1
43.1

7
50.4
33.2
32.7
0.5

92.3
36.1
60.3
20.4
42.6

2.7
1.1
1.8
0.6
1.3

−1.2
−0.4
−0.7
−0.5
−4.4

IGPE = implicit growth–poverty elasticity, PRC = People’s Republic of China.
Source: World Bank. PovcalNet. iresearch.worldbank.org/PovcalNet (accessed May 15, 2019).

with very similar characteristics. I therefore chose four middle-income Asian
economies: the two developing giants, the People’s Republic of China (PRC) and
India; and two neighboring middle-income ASEAN states, the Philippines and
Thailand. These data are based on the World Bank’s PovcalNet dataset for the
longest time period available, 1981–2015. These data draw on the country statistics
and then estimate head count poverty according to the $1.9 and $3.2 (PPP at
2011 prices) poverty lines. The results are presented in Table 4 in the form of
point-to-point estimates between the initial and final years.
The results are largely driven by these countries’ per capita incomes and rates
of economic growth. Indonesia adopts an intermediate position in both respects,
and so too do its poverty numbers. In 1981, its head count poverty was the
second-highest, behind only the PRC (and, surprisingly, higher than India according
to these estimates). Over this 34-year period, poverty fell in all five countries
according to both measures. As would be expected, the decline was the fastest
in the high-growth PRC, such that it was transformed from the highest-poverty
country to a level similar to that of Thailand. But Indonesia’s record was also
impressive, achieving the second-fastest rate of decline and an implicit growth–
poverty elasticity (IGPE, final column) that was second only to that of the PRC.19
This is a key finding and a reminder that, for all the challenges, Indonesia’s poverty
alleviation record is an impressive one by international yardsticks.
Several studies have examined various aspects of these international
comparisons.20 A frequent comparator for Indonesia is the Philippines given the
two countries’ proximity, archipelagic geography, and similar experiences of deep
economic crises triggering a transition from authoritarian to democratic rule (albeit
19
20

The Thai IGPE may be discounted as its poverty estimates for the final year had fallen to virtually zero.
Recent examples include Sumner and Edward (2014), Warr (2015), and World Bank (2017).
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12 years apart). As Table 4 shows, Indonesia has achieved much faster poverty
reduction over this period. The IGPE’s are quite similar, indicating that it is
Indonesia’s faster growth rate that has made the difference. In the current decade,
however, the Philippines has grown slightly faster, suggesting that these poverty
differences are likely to narrow.21
F.

Measurement and Data Issues

The accuracy of the Indonesian poverty estimates depends crucially on
the one major household survey, Susenas. The difficulty of obtaining reliable
consumption and income estimates should not be underestimated. For one thing,
the estimated average consumption derived from Susenas has been falling relative
to the consumption estimate in the national accounts, implying that BPS is
aware of rising undercounting (Booth 2019). Moreover, it is difficult to obtain
data on individuals living on the margins of society (e.g., the homeless). The
incomes of poor households are typically highly variable, especially if derived
mainly from agriculture or petty trade. In addition, estimating expenditure in the
presence of extensive home consumption remains problematic. The extremes of
the distribution therefore tend to be underestimated and hence probably understate
poverty incidence (and also inequality).
The choice of price deflators is a crucial issue and one that may affect the
poverty estimates, particularly in periods of high inflation. First, is the consumer
price index (CPI) an accurate indicator of changes in the cost of living? Olivia
and Gibson (2013, 99) examined this issue carefully with reference to Indonesia.
Adopting a framework that makes allowances for substitution bias, quality-change
bias, outlet-substitution bias, and new-goods bias, they concluded that the official
CPI “greatly understated the increase in the cost of living prior to the year 2000, and
most especially between 1993 and 1997.” From 2000 to 2008, however, the opposite
was the case: “CPI appears to exaggerate recent increases in the cost of living.”
Moreover, they argue that “over the entire period … (1993–2008), CPI bias averaged
four percentage points annually, equivalent to almost one-third of the annual average
rate of measured inflation over the same period.” In other words, the trend rate of
improvement in living standards over this period has been higher than that suggested
by the data based on the official CPI adjustment.
Second, should specific deflators be used for different income classes and
regions? In the presence of large differences, the answer is yes. Suryahadi and
Sumarto (2010) show that it matters during periods of high inflation, such as
experienced in 1998. They employ five deflators and show that the results differ
significantly. A further qualification is the assumption that all members of the
21
There is an extensive literature on the relatively slow pace of poverty reduction in the Philippines and its
determinants. See, for example, Clarete (2018).
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population have the same consumption basket. This is obviously incorrect; the
basket of the rich and the poor are very different, children generally eat less than
active adults, the sick have special needs, and so on. Priebe (2016) addressed this
issue, using the 2013 Susenas and the 2007/08 IFLS, to explore the sensitivity of
the poverty results to assumptions about the personal characteristics of individuals,
including their age, gender, body weight, and physical activity. The methodology
employed was to convert everybody to adult-equivalent scales. He concluded that
the Indonesian poverty profile is robust, although effective poverty incidence may
be lower among children and higher for prime-age males in agriculture.
In addition, there are the usual challenges of conducting household surveys,
particularly in developing countries. In Indonesia, some of the eastern regions are
very difficult for enumerators to access, as are conflict-prone regions. In some years,
the Muslim fasting month falls during the enumeration period. Account also needs
to be taken of the purchase of lumpy consumer durable items, home consumption,
imputed rental income, and unpaid labor.
III. Inequality

I have already alluded to the importance of inequality as a determinant
of poverty outcomes. I now examine inequality trends in more detail. The
first systematic attempts to measure Indonesian inequality through the Susenas
household surveys were in the mid-1960s. During the 1970s, the estimates became
more reliable.22 I focus here on inequality since the early 1980s, by which time the
comparative PovcalNet data became available.
Figure 3 presents the Gini index for Indonesia and the same four comparator
countries for the period 1981–2017 or the earliest year available. In years where
data are not available (mostly in the last century), the missing years are estimated
by linear interpolation. According to these estimates, Indonesia was a relatively
low-inequality country in the early 1980s, with a Gini index between 30% and 35%,
similar to that of India. It therefore differed significantly from the Philippines (and
Malaysia), which had inherited very high levels of inequality from the colonial era
and which had not attempted any significant redistributive measures. It also differed
from Thailand, which had historically low inequality that had been rising sharply
since the 1960s (much of it spatial in nature), and the PRC, where inequality was
rising rapidly after the 1978 liberalization.
Indonesia’s inequality then began rising around 1990, a trend that continued
until the 1997/98 Asian financial crisis, when the Gini index fell sharply to briefly
below 30% (in the Povcal estimates), reflecting the fact that individuals connected
to the higher-income, modern industrial service economies were the most adversely
22

See Booth (1992, 2016) and references cited therein.
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Figure 3. Comparative Gini Indexes of Select Countries

PRC = People’s Republic of China.
Source: World Bank. PovcalNet. iresearch.worldbank.org/PovcalNet (accessed May 15, 2019).

affected, as compared to those earning their livelihood in agriculture, especially
off-Java. As the economy recovered, coinciding also with the beginning of the
democratic era, inequality began to rise again. It continued to rise sharply for the
next decade, by about 10 percentage points, one of the largest increases in inequality
in the Asia and Pacific region (Kanbur, Rhee, and Zhuang 2014). In recent years,
Indonesia’s Gini index first stabilized and then declined slightly, which in turn
explains the diverging GIC trends by subperiods referred to above. As Figure 3
illustrates, the Indonesian pattern has therefore differed from its comparators in the
sense that, with the partial exception of India, its rising inequality is of recent origin.
But it can now be regarded as a moderately high-inequality country.
There are no reliable cross-checking data on Indonesian inequality. But
several authors have queried the results, suggesting both underestimates and
overestimates in the data.23 Most researchers believe that the estimates for
high-income individuals are underreported, either deliberately or through survey
access difficulties (e.g., gated communities). Taxation data are unlikely to shed
much light on the underreporting since Indonesia’s weak tax effort (about 11%
of GDP) suggests widespread evasion among the wealthy.24 Similarly, the various
“top income” projects are unlikely to come up with the answers if they too draw

23
See, for example, Booth (2016); De Silva and Sumarto (2014); World Bank (2016, 2017); and Yusuf,
Sumner, Rum (2014).
24
Nevertheless, some unpublished attempts to marry the tax data of high-income earners for 2013 with
the Susenas data of the same year do tentatively indicate that the underreporting may raise the Gini index by 3–5
percentage points.
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on a data source that underreports top incomes.25 Some rudimentary cross-checks,
such as sales of expensive apartments and luxury vehicles, are at least suggestive.
Another concern raised by researchers concerns the treatment of income in kind and
consumption of own production, which are typically underreported and thought to
be especially relevant for top and bottom income groups. For example, Nugraha
and Lewis (2013) generate alternative estimates of inequality from Susenas, based
on estimates of market and nonmarket income. Using 2008 data, they find that the
estimated Gini coefficient falls from 0.41 to 0.21 if the latter is properly accounted
for, and the income share of the bottom deciles rises more than fivefold.
There is no unified set of statistical decompositions or all-embracing
explanations for these inequality trends. The Indonesian literature has therefore
relied on a combination of partial statistics, inferential narratives, and international
evidence. Theil decomposition analysis can shed light on some of the dimensions.
For example, the World Bank (2017, 32) highlights the persistent disparities
in access to education and other services, asserting that for Indonesia “more
than one-quarter of inequality can be explained by differences in educational
attainment across groups.” The ADB’s Asian Development Outlook 2012 examined
the contribution of spatial inequality (urban–rural and interprovincial) for the
period 2007–2009 for selected Asian economies (ADB 2012). Indonesia adopted
an intermediate position within the sample at 26%, which was well behind the PRC
(54%) and broadly similar to India (32%) and the Philippines (21%).26
In several respects, the Indonesian policy regime has contributed to rising
inequality, if not directly then at least indirectly by adopting a largely reactive
approach to the problem. There are six broad areas where policy has impacted
inequality and, by extension, the rate of poverty reduction. Most of these impacts
are not amenable to precise quantification.
Labor market

The labor market is the crucial element connecting economic growth and
rising living standards. Indonesia’s labor market has always had pronounced
dualistic characteristics; but these have been accentuated during the democratic
era by increasingly populist and restrictive employment provisions, especially
minimum wages and severance pay requirements. The result was anaemic formal
sector employment, for at least the first decade of this century, and rising
wage inequality between the small protected and regulated sector and the large

25
See the important top income study for Indonesia by Leigh and van der Eng (2009), which did indeed find
a rising share accruing to the top 1% and 5% of income earners.
26
These estimates are not strictly comparable across countries unless the number of subnational units is
similar.
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unregulated informal sector. Fewer Indonesians have therefore migrated out of
poverty by securing jobs in the formal labor market.27
Education policy

The major conclusion from the large literature on Indonesian education
is that the country has made impressive progress according to most quantitative
indicators, but the evidence suggests that the education outcomes are not equalizing.
That is, there are significant disparities across socioeconomic classes on school
retention rates and examination performance.28 These differences connect to
the increasingly unequal labor market outcomes, which, as noted, result from
the globalization of the labor market and its increasingly restrictive domestic
regulations. Therefore, larger numbers of Indonesians are trapped in low-skill,
poorly paid occupations.
Trade and commercial policy

Since the 1997/98 Asian financial crisis, there has been a pronounced
slowdown in labor-intensive, export-oriented manufacturing. This sector had driven
very rapid formal sector employment growth in the 1980s, combined also with the
strong growth in the food crop sector. For most of the 21st century, Indonesia
has been losing global market share in the major labor-intensive manufactures,
electronics, garments, and footwear sectors. This is partly the result of intensified
supply-side conditions. But only partly as Viet Nam’s market shares have been
growing rapidly, and even latecomers like Cambodia have performed strongly.
Various aspects of Indonesia’s trade and commercial policy regime have contributed
to this indifferent performance (Hill and Pane 2018).
Until the early 1990s, Indonesia generally followed a labor-intensive,
egalitarian growth path, akin to much of early-stage growth in other high-growth
East Asian economies. As documented elsewhere, several factors were at play.
Agriculture, especially rice production, grew strongly from the mid-1970s, as did
the rural economy more generally. Both benefited from the effective recycling of
the oil boom windfalls of the 1970s. From the early 1980s, policy liberalization
triggered rapid export-oriented industrialization, mostly in labor-intensive sectors.
There was a construction boom throughout this period, also mainly labor intensive
in character. As documented in Figure 2 and Table 1, this resulted in the most rapid
episode of poverty reduction in the country’s recorded history.
27

See Ginting, Manning, and Taniguchi (2018); and Manning (2014). On the Soeharto era, see Manning
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See the analysis in several papers by Daniel Suryadarma and colleagues. See, for example, Kurniawati et al.

(1998).
(2019).
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Explicit price and market interventions

As noted above and drawing on the work of Patunru (2019), highly restrictive
rice import policies have resulted in domestic rice prices that are well above
the international price to the detriment of the poor, the majority of whom are
net rice consumers. Another major price intervention—petroleum and electricity
subsidies—has disproportionately benefited the wealthy. Both these interventions
have had adverse equity implications.
Major decentralization

In 2001, Indonesia implemented a “big bang” approach to decentralization,
in which substantial financial and administrative resources were delegated to the
second level of regional governments. Combined with a very large commodity
boom approximately over the period 2005–2012 that was driven by coal, palm oil,
and gas, there was concern that spatial inequalities would increase. Thus far, the
evidence suggests that interregional disparities have not increased, at least at the
provincial level (Hill and Vidyattama 2016).
The role of social policy, taxes, and transfers

Prior to the 1997/98 Asian financial crisis, Indonesia effectively had no social
welfare programs, with the partial exception of the various INPRES (presidential
instruction) grants. Various social transfer programs have been introduced over the
past 2 decades. They are modest in scale and have achieved mixed targeting success,
but at least they are the first steps toward the construction of a rudimentary welfare
state. There are also the beginnings of basic health insurance for those—the great
majority—outside the public and modern corporate sectors. These programs are
being introduced at the same time that traditional extended family supports are
weakening, owing to urbanization and smaller family sizes.
Currently the government operates four main social programs: (i) the
Hopeful Families Program, or PKH, offering targeted conditional cash transfers;
(ii) the Smart Indonesia Scholarship, or PIP, a transfer designed to keep children
from poor families in school; (iii) Rastra/BPNT, offering subsidized rice (and
now other foodstuffs) to poor families; and (iv) PBI-JKN, which pays the health
insurance premiums of poor families.29 Of these programs, the PKH is considered to
be the most effective and best targeted, and it is therefore receiving funding priority.
29
See Nazara (2019) for a recent summary by a senior government official and Olken (2019) for a
comprehensive review of the various programs’ effectiveness on the basis of a decade of randomized controlled
trial fieldwork. Note that the Indonesian acronyms for these programs have changed on several occasions in the last
2 decades.
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Figure 4. Comparative Gini Ratios, Pretransfer and Posttransfers

Source: World Bank. PovcalNet. iresearch.worldbank.org/PovcalNet (accessed May 15, 2019).

The programs are modest in scale, absorbing about 4% of total spending
in the current budget, equivalent to about 0.6% of GDP. However, they are on an
upward trend; over the past 6 years, their budgetary allocation share has almost
doubled, while relative to GDP, they have risen about 50%. Their progress has been
facilitated by the development of a unified national database (in progress), rapid
advances in mobile and internet banking, and local-level democracy. There is now
a large literature evaluating their design and impact, although precise estimates of
the number of people lifted above the poverty line are not yet available.30
Reflecting their size and the complexities of targeting, the impact of these
programs on aggregate inequality is mildly progressive but relatively small, at most
about 2 percentage points of the Gini index. (Updated unpublished estimates report
a similar conclusion.) As Figure 4 shows, programs in several Latin American
countries have a far more significant impact. This is not surprising, as these
programs are larger and have been in operation for longer. Moreover, pretransfer
inequality was generally much higher in these Latin American countries, so the
political urgency for such transfers was greater.
IV. Conclusion

My major finding is a reassuring, if unsurprising, one: living standards in
Indonesia have risen more or less commensurately with economic growth. Although
the majority of Indonesians are still poor or what may be termed “precariously
30
See, for example, Alatas et al. (2016); McCarthy and Sumarto (2019); Suryahadi and Al Izzati (2019);
World Bank (2016, 2017, 2018); and the references cited therein. Progress in the first decade is comprehensively
analyzed by the contributors in Manning and Sumarto (2011).
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nonpoor,” poverty incidence has fallen rapidly. It has generally fallen more quickly
during periods of faster economic growth, with the converse also being true.
Particular episodes of growth have had a pronounced impact on poverty eradication.
Two periods stand out: (i) the accelerated promotion of the food crop sector (mainly
rice) for about a decade from the mid-1970s, and (ii) the successful switch to
labor-intensive, export-oriented industrialization for about a decade from the mid1980s. Without necessarily drawing any causal inferences, outcomes have differed
significantly across the two main political eras, 1966–1996 and post-1999. During
the earlier period, economic growth and formal sector employment expansion were
faster, while inequality was broadly stable, at least until the early 1990s. The
result was a very rapid decline in poverty incidence. Since 1999—the democratic
era—growth has been slower, inequality has risen, and the labor market has become
more segmented, resulting in a continuing but slower poverty decline.
At a general level, these outcomes have been driven primarily by economic
growth, which accelerated from the late 1960s. As noted in the introduction, this
has been driven by the adoption of growth-promoting policies. As to specific
policies, the evidence is more mixed. A labor-intensive growth path has been
adopted for some periods. Particular price interventions have had variable, often
negative, effects. Education facilities have spread rapidly but unevenly. Serious
work has commenced in constructing the elements of a basic welfare state, although
in aggregate the scale is still limited.
Owing to space constraints, this paper cannot claim to provide a
comprehensive picture of Indonesian living standards. There are various alternative
indicators of poverty, including the United Nations Development Programme’s
Multidimensional Poverty Index and several nonmonetary indicators (e.g., relating
to education, health, gender relations, food supplies, and nutritional levels). Some
of these are captured in an earlier United Nations Development Programme
innovation, the Human Development Index. The labor market is an important
dimension of living standards, including trends in overall participation rates and
real wages. Moreover, as one of the world’s most diverse economies, regional
(subnational) inequality is an important dimension of Indonesian inequality.
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Does Computer-Aided Instruction Improve
Children’s Cognitive and Noncognitive Skills?
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This paper examines the causal effects of computer-aided instruction (CAI) on
children’s cognitive and noncognitive skills. We ran a clustered randomized
controlled trial at five elementary schools with more than 1,600 students
near Phnom Penh, Cambodia. After 3 months of intervention, we find that
the average treatment effects on cognitive skills are positive and statistically
significant, while hours of study were unchanged both at home and in the
classroom. This indicates that CAI is successful in improving students’ learning
productivity per hour. Furthermore, we find that CAI raises students’ subjective
expectation to attend college in the future.
Keywords: clustered randomized controlled trial, computer-assisted instruction,
noncognitive skills
JEL codes: I21, I25, I30

I. Introduction

The World Bank recently made reference to a “learning crisis” (World Bank
2017), arguing that a large proportion of students in developing countries are
failing to acquire even foundational skills at school, for example, basic math that
is required when buying and selling in markets, handling household budgets, or
transacting with banks or other financial institutions (Hanushek and Woessmann
2016).
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While many low-income countries have rapidly increased primary school
enrollments in recent decades, they often face substantial obstacles in avoiding a
learning crisis. First, increases in primary school enrollments have occurred along
with increases in education inputs, such as teachers and other school resources.
However, any decline in per capita inputs will likely reduce the quality of primary
education. Second, hiring high-quality teachers is difficult in many developing
countries because they are paid less than other comparably qualified professionals,
particularly in urban areas. Third, any substantial gap between the abilities of
low- and high-achieving students makes it difficult for teachers to set their level of
instruction appropriately. Such situations produce a mismatch between a teacher’s
level of instruction and students’ level of proficiency (Glewwe and Muralidharan
2016).
New technologies offer promising ways to mitigate such problems
in developing countries. Although computer access in classrooms does not
improve students’ learning, as shown in Barrera-Osorio and Linden (2009),
well-designed computer-assisted learning (CAL) allows students to access highquality instructional materials even in the presence of severe teacher shortages and
learn at their own pace and proficiency. However, the empirical evidence on the
effect of computer-aided instruction (CAI) is mixed. In India, CAI was found to
improve student performance substantially, especially for low-achieving students
(Linden 2008), while the One Laptop per Child programs in Peru and Uruguay
had no impact on student reading or math abilities (Cristia et al. 2017; De Melo,
Machado, and Miranda 2014).
This study was designed to rigorously estimate the causal impact of CAI on
students’ cognitive and noncognitive skills, in collaboration with the Government
of Cambodia, the Japan International Cooperation Agency, and Hanamaru Lab,
a Japanese private company that developed a personalized computer-assisted
software called Think!Think! The primary objective of Think!Think! is to develop
foundational math skills for elementary school students.
To examine the effect of Think!Think!, we ran a clustered randomized
controlled trial (RCT) involving 1,656 students from grade 1 (G1) to G4 at five
public elementary schools near Phnom Penh from May to August 2018. Because
each school has two classes in each grade, students were randomly assigned
during the 3-month intervention to either one of the 20 treatment classes that used
Think!Think! or one of the 20 control classes.
Our results show that the average treatment effects on cognitive skills
measured by several types of math achievement tests and intelligence quotient
(IQ) tests are positive and statistically significant. The size of the effect is large,
especially compared with previous studies conducted in developing countries:
our study’s preferred point estimates are 0.68–0.77 standard deviation for student
achievements and 0.66 standard deviation for IQ scores, even after controlling for
prior scores in the baseline survey, gender, grade, birth month, parental education,
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and schools’ time-invariant characteristics. Furthermore, the CAI-based software
raises students’ subjective expectations of attending college in the future. However,
there is no significant effect on noncognitive skills, namely motivation and selfesteem.
Our contribution to the literature can be mainly summarized as follows:
(i) While prior literature has focused more on test score gains, our paper examines
the effect of CAI on a wide variety of outcome variables, including cognitive skills
measured by test scores and IQ scores, noncognitive skills measured by motivation
and self-esteem, and other habits such as hours spent studying at home. (ii) While
the demand for new technologies is growing in education, especially in developing
countries, more rigorous research is required to establish their external validity.
To our knowledge, ours is the first study that has been rigorously designed and
implemented in Cambodia. (iii) Unlike prior literature which provided after-school
CAI as part of remedial education, students in our study were allowed to access CAI
only during class. We are thus able to identify whether CAI caused an improvement
in students’ cognitive abilities because of increased learning productivity per hour,
not because of increased hours available for instruction.
The remainder of this paper will proceed as follows. Section II provides
a literature review. Section III explains the research design and data. Section IV
presents empirical specifications and the main results on cognitive and noncognitive
skills. Section V concludes and provides policy implications.

II. Literature Review

Previous studies have defined investment in computers by schools as either
information communication technology or CAI. In recent years, CAI programs,
which do not necessarily require an internet connection, have become more
widely used in public schools. However, while several studies have shown that
well-designed CAI programs appear to have strong and positive effects on math
or science abilities of weaker students, especially in developing countries, other
studies have found insignificant effects on reading and language test scores. For
example, Rouse and Krueger (2004) ran a large-scale RCT using the computer
software program Fast For Word for G3 to G6 students in an urban district in
northwestern United States. Their results showed that the effect of this program
on language and reading skills is small and statistically significant. Banerjee et al.
(2007) examined the effect of a CAI program for G4 students in urban India. The
students who were randomly assigned to treatment schools increased their math
achievements by 0.47 standard deviation, mainly because of improvement among
poorer performing children. Surprisingly, this positive effect remained even after
the programs were terminated, although the size of the effect decreased to about
0.10 standard deviation.
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In economics, investments in computers, the internet, software, and other
technologies have been analyzed typically in the context of an education production
function. Bulman and Fairlie (2016) pointed out that the binding constraint in the
model is often the amount of time available for instruction, which is regarded
as one of the educational inputs. In other words, this trade-off between time
spent using a computer in class and time spent on traditional instruction makes
it more difficult to determine whether schools should use CAI programs or more
traditional instruction. However, many studies, including Rouse and Krueger (2004)
and Banerjee et al. (2007), have estimated the effect of supplemental education or
remedial education with CAI programs outside of class.
To deal with these issues, Barrow, Markman, and Rouse (2009) developed a
trial in which middle school students in randomly assigned treatment classes were
taught using CAI, while students in the control classes were taught traditionally in
class. This enabled a comparison of the effects of the newly developed CAI program
and more traditional instruction under limited school resources and time constraints.
The 2-year experiment found that the treatment students improved their math ability
by at least 0.17 standard deviation more than their counterparts. Carrillo, Onofa,
and Ponce (2011) conducted a similar experiment in Ecuador for elementary school
students. Using CAI in class, instead of traditional instruction, helped to improve
math performance, but not language acquisition. However, a recent study on middle
schools in urban India showed that using CAI in class has a greater impact on
both math and language abilities (Muralidharan, Singh, and Ganimian 2019). The
authors’ instrumental variable estimates find that treatment students performed 0.37
standard deviation higher in math and 0.23 standard deviation higher in Hindi
during the 5-month intervention. They also found that the achievement gains were
greater for academically weaker students. Our empirical analysis follows that of
Muralidharan, Singh, and Ganimian (2019) and tests whether CAI programs are
effective for younger children in relatively disadvantaged areas of a developing
country.

III. Methodology and Data
A.

Background

Our study targets five public elementary schools located within a radius of
approximately 10 kilometers around Phnom Penh. Because these schools did not
receive any aid or assistance from other development agencies during the period
of our intervention, we can rule out any confounding factors from other external
interventions. The majority of households around the schools engage in farming
and fishing to generate income. Only a small proportion of parents have tertiary
education. The locations of these five schools are illustrated in Figure 1.
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Figure 1. Locations of Target Schools

Note: This map was not produced by the cartography unit of the Asian Development Bank. The boundaries, colors,
denominations, and any other information shown on this map do not imply, on the part of the Asian Development
Bank, any judgment on the legal status of any territory, or any endorsement or acceptance of such boundaries, colors,
denominations, or information.
Source: Stamen Maps. http://maps.stamen.com/.

B.

Baseline and Follow-Up Surveys

Prior to the intervention, we conducted baseline surveys in class from
21–25 May 2018 with the full cooperation of teachers and staff. The baseline survey
included two sets of 40-minute achievement tests for G3 and G4 students, 40-minute
IQ tests for all students, and 20-minute surveys for all students and parents.
To measure students’ cognitive skills, two sets of achievement tests were
used: the National Assessment Test (NAT) administered by Cambodia’s Ministry
of Education, Youth and Sports for G3 students; and Trends in International
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Mathematics and Science Study (TIMSS) administered by the International
Association for the Evaluation of Educational Achievement (IEA) for G4 students.
We selected exams that the students in our intervention had not previously taken.
As there are no standardized tests to measure the cognitive abilities of younger
students, we did not administer achievement tests for G1 and G2 students. Instead,
we administered two sets of age-appropriate IQ tests in the baseline survey. One of
the IQ tests—the “new Tanaka B-type intelligence test” (Tanaka, Okamoto, and
Tanaka 2003)—has long been used in Japan and other countries in Asia as an
age-appropriate measure of children’s cognitive skills. The Tanaka B-type
intelligence test was translated into the local language and also modified
appropriately for the local environment (e.g., illustrations of local banknotes, food,
people, etc.). The other intelligence test conducted during the baseline survey
was the Goodenough Draw-a-Man (DAM) test (Goodenough 1926). In this test,
students are asked to complete drawings of a whole person(s) on a piece of paper
for 10–15 minutes. Several examples of children’s drawings collected during our
baseline survey appear in Figure 2. Although the validity of this test as a measure of
intelligence has been criticized, the literature suggests that the DAM test is effective
in screening for lower levels of intelligence in 5- to 12-year-old children (Scott
1981).
The survey of all G1 to G4 students asked them to provide demographic
information, including gender, grade, birth month, hours of study at home, and
subjective likelihood of attending college in the future. The survey also included
a set of questionnaires to measure noncognitive skills, in particular the Rosenberg
self-esteem scale (Rosenberg 1965) and an internal and external motivation scale
(Sakurai and Takano 1985). The survey of parents asked about socioeconomic
status, such as their educational backgrounds.
Following the 3-month intervention, a follow-up survey was conducted from
August 16 to 25. We again administered the same sets of achievement tests, IQ tests,
and questionnaires for students, focusing only on time-varying variables, such as
willingness to attend college and time spent studying at home.
Out of 1,656 students who officially registered in our target schools, 77.2%
of them participated both in the baseline and follow-up surveys, although 6.3%
did the baseline survey only. The sample attrition may be a great threat to reduce
the comparability of treatment and control. If our intervention is successful, the
low-achieving students assigned to the treatment group may not drop out during the
intervention, while their counterpart low-achieving students assigned to the control
group may drop out of school altogether. In this case, the estimated impact of this
intervention may be downward biased. We calculated the attrition rate for both
treatment and control groups and checked whether the students who dropped out
of the two groups had different characteristics. Fortunately, there is no evidence
of differential attrition rates and different types of attrition in the treatment and
control groups. However, we still do not know much about the 9.2% of students who
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Figure 2. Samples of Draw-a-Man Test

Source: Figures by four anonymous students selected from the Draw-a-Man tests conducted during the baseline
survey.

completed neither baseline nor follow-up surveys. According to the latest World
Bank Indicators, the school dropout rate in Cambodia nationwide was 9.4% in 2017.
Because our intervention was implemented in the last 3 months of the semester,
some may have dropped out of school before or during the intervention. To deal
with this problem, we created a dummy variable which we set to 0 if the baseline
data is missing and then controlled for it in our analysis of covariance (ANCOVA)
estimate as a robustness check (models 2 and 3 in Tables 2 and 3, and model 2 in
Tables 4 and 5).
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Figure 3. Sample Problem

Source: Wonder Lab (formerly Hanamaru Lab). https://wonderlabedu.com/.

C.

Education Software: Think!Think!

The software called Think!Think! used in our intervention was originally
developed by Hanamaru Lab, taking full advantage of its substantial experience in
operating a large number of cramming schools for school-aged children in Japan.
This software is especially designed to develop the foundational math skills of
elementary school students (Figure 3). Why math? As a number of studies have
suggested, math and science skills are highly related to economic growth across
countries (e.g., Jamison, Jamison, and Hanushek 2007; Hanushek and Woessmann
2016). The benefits of mathematical proficiency not only drive economic growth
but also raise individual earnings. For example, Joensen and Nielsen (2009)
exploited an institutional reduction in the costs of acquiring advanced high school
math in Denmark and provide evidence that the choice of a more math-intensive
high school specialization has a causal effect on future labor market earnings.
More specifically, Think!Think! incorporates adaptive learning using an original
algorithm and provides math problems, materials, and instructions to reflect the
proficiency level of each individual student.
Think!Think! was modified for elementary school students in Cambodia to
meet local curriculum standards and was translated into the local language, Khmer.
Students who were assigned to treatment classes were provided with free access to a
tablet or laptop to use Think!Think! in class. CAI often requires additional teaching
staff in class. In our intervention, we provided three additional staff with no teaching
experience to advise students on technical matters and time management.
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We carefully compared Think!Think! with a CAL program called Mindspark
used in a study by Muralidharan, Singh, and Ganimian (2019) and found
that it had many features that were very similar to Think!Think! According
to the authors, the advantages of using Mindspark are (i) its high-quality
instructional materials; (ii) its adaptive contents which allow them to implement
“Teaching at a Right Level” for each individual student; (iii) that it alleviates a
student-specific conceptual bottleneck; and (iv) its interactive user interface, all
of which also characterize the attractive features of Think!Think! (Muralidharan,
Singh, and Ganimian 2019, 1431–32). One slight difference is that Mindspark
provides Hindi (language) programs as well as math for middle school students
(G6 to G9), while Think!Think! specializes in math for younger primary school
students (G1 to G4).
Because of these similarities, our results are, in fact, very consistent with
Muralidharan, Singh, and Ganimian (2019). However, one of the most significant
differences between our study and Muralidharan, Singh, and Ganimian (2019)
is in the implementation. The authors’ intervention was a “blended learning”
program, meaning “a combination of the Mindspark CAL program, group-based
instruction and extra instructional time” (Muralidharan, Singh, and Ganimian 2019,
1429). Their results, therefore, could not disentangle the pure effect of CAL from
additional inputs and investigate whether the technology could have a positive effect
on test scores in the absence of a constraint. Assuming that the amount of time
available for instruction is fixed at a school, whether schools choose the optimal
level of technology relative to traditional instruction in class may be a more relevant
policy question for governments in developing countries.
D.

Clustered Randomized Controlled Trial

If we were to allow students to access the CAI based on their own
preferences, the software would most likely be used by higher-achieving students.
Students who have sought to access a higher quality of education, including the
exposure to new technology, are much more enthusiastic to study, on average, than
those who never did. Random assignment of access to the CAI-based software
avoids this selection bias.
Students in the treatment classes used Think!Think! for approximately 30
minutes each day. Peer effects are a potential threat to the internal validity of this
experiment, and interactions between students may violate the stable unit treatment
value assumption. To avoid this situation, besides the fact that clustered RCT is
more common in education as noted in the literature, we randomized classrooms
rather than individual students within them.1
1
However, as pointed out by Imbens and Wooldridge (2009), it is technically difficult to separate the direct
effect of the intervention on an individual from the indirect effect of peers on that individual.
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Because each school has two classes in each grade, we used a stratified
randomization: we picked one treatment in each grade at each school. This created
20 treatment classes (with 840 students) and 20 control classes (with 816 students)
across the five schools.2 However, there is still the concern that students in the
treatment classes would talk to their friends in the control classes at the same
school about what they had learned. To reduce the risk of such spillovers, we
did not allow the treatment students to access Think!Think! outside of class.
Furthermore, they were not allowed to take their tablet or laptop home. However, our
class-level clustered randomization may not be enough to contain the spillovers
between treatment and control groups. The unbiased estimate may be larger
if there exists a positive spillover within treated peers and a secondary effect
on those who are not treated in the same schools. Despite the relatively short
period of intervention of 3 months, the students were enthusiastic about using
Think!Think! The drawbacks of our study may be the presence of evaluation-driven
behavioral changes in the treatment group called the Hawthorn effect and/or in the
control group called the John-Henry effect. Because the Hawthorn effect artificially
improves student’s outcomes in the treatment group, the impact of CAI compared to
its true impact may be overestimated, although we do not find any significant change
in motivation within the treatment group. On the other hand, the John-Henry effect
boosts outcomes among students in the control group, which may underestimate the
impact of CAI.

IV. Econometric Specification and Results
A.

Econometric Specification

To identify the causal effect of using Think!Think!, we conduct ANCOVA
using the following model and identify the effect of using CAI. Our equation of
interest is
Yi, j,t = α + βTi, j,t + γ Yi, j,t−1 + δMissingBaselinei, j,t + Xi, j,t σ + ∈i, j,t

(1)

where Yi, j,t is the outcome variable of student i in school j at time t. Ti, j,t is access to
CAI and the key independent variable of interest. MissingBaselinei, j,t is a dummy
variable to indicate whether student i participated in the baseline survey or not.
Xi, j,t is a vector of control variables, while ∈i, j,t is the idiosyncratic error term.
Xi, j,t includes the basic demographic controls, such as gender, grade, birth month,
parental education, and school-grade time-invariant fixed effects. According to
2
While there can be unobserved correlations between the outcomes of students in the same classroom,
clustered standard errors can be used to correct for such correlations. However, we cannot calculate clustered standard
errors because there are only 40 classrooms in our experiments and the calculation of this type of standard errors
requires at least 42 clusters, as suggested by Angrist and Pischke (2008).
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McKenzie (2012), ANCOVA is preferred for experimental designs, rather than the
difference-in-difference approach, when the autocorrelation in outcome variables
between the baseline and the follow-up survey is low. Because our data are only
weakly autocorrelated, we apply ANCOVA for our estimation.
The crucial identifying assumption in this empirical model is that the
relationship between exposure to the CAI-based software and students’ unobserved
ability is orthogonal to the error term, conditional on the controls. Under this
assumption, the estimate of β in equation (1) can be interpreted as the causal impact
of the CAI-based software on student outcomes.
B.

Variable Definitions

Table 1 presents a balance check for the baseline survey. There is no
statistically significant difference in the results of the NAT between the G3 students
assigned to treatment classes and those assigned to control classes, although the G4
students in the control classes performed slightly better on the TIMSS than those
in the treatment classes, even after controlling for school-by-grade fixed effects,
following Bruhn and McKenzie (2009).
Another outcome variable is IQ test scores: the results of the Tanaka
B-type IQ test and the DAM test are converted to a mental age, and the IQ scores
are then calculated as mental age divided by chronological age multiplied by 100.
According to the descriptive statistics, the mean of the Tanaka B-type IQ test score
is 78.612 with a standard deviation of 13.451, and the mean of the DAM type IQ
score is 0.692 with a standard deviation of 0.207. There is no statistically significant
difference between the Tanaka B-type IQ test score and the DAM score.
The next set of outcome variables, measures of noncognitive skills, are coded
as the mean of a set of questionnaires specific to self-esteem and motivation.
The self-esteem measure is slightly higher for the treatment students, while the
motivation measure is similar across the two groups of students. All cognitive and
noncognitive outcome measures are normalized to a mean of 0 and a standard
deviation of 1 when we run the regression analysis.
Willingness to attend college is measured on a 3-point scale (from 1 = not
likely to 3 = very likely) based on students’ subjective expectations. Hours spent
studying at home is measured on a 6-point scale (from 1 = not at all to 6 = more
than 4 hours). We set the minimum of this variable to 0 and the maximum to 4
hours, and then we took the median value for categories between 2 (less than 30
minutes) and 5 (2–3 hours) on the 6-point scale. The key independent variable of
interest denoted by Ti, j,t is a dummy variable coded as 1 if students are assigned to
a treatment class and 0 otherwise.
The demographic variables denoted by Xi, j,t , such as gender, age, and
parental educational backgrounds, are very similar between the treatment and
control students. The variable on parental education represents the highest level of
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Table 1. Descriptive Statistics and Balance Test

Achievement test (NAT, G3)
Achievement test (TIMSS, G4)
IQ test (Tanaka-B)
IQ test (Draw-a-Man)
Self-esteem
Motivation
Willingness to go to college
Minutes of studying at home
per week
Gender (male = 1, female = 0)
Age
Highest parental education
College or graduate school
High school
Junior high school
Elementary school
No education (ref)
Birth month
Jan–Mar
Apr–Jun
Jul–Sep
Oct–Dec

All

Control
(A)

Treatment
(B)

Difference
(B)-(A)

0.538
(0.207, 356)
0.292
(0.203, 347)
78.612
(13.451, 1,385)
0.692
(0.207, 1,217)
2.762
(0.549, 1,150)
0.656
(0.142, 996)
2.410
(0.771, 1,051)
168.667
(117.005, 949)
0.525
(0.500, 1,643)
8.485
(1.553, 1,620)

0.522
(0.198, 177)
0.330
(0.187, 174)
78.432
(13.131, 700)
0.678
(0.206, 594)
2.726
(0.596, 535)
0.652
(0.150, 471)
2.342
(0.809, 482)
170.142
(108.975, 423)
0.530
(0.499, 813)
8.501
(1.573, 803)

0.554
(0.214, 179)
0.252
(0.211, 173)
78.795
(13.777, 685)
0.705
(0.207, 623)
2.794
(0.502, 615)
0.660
(0.133, 525)
2.467
(0.734, 569)
167.481
(123.173, 526)
0.519
(0.500, 830)
8.470
(1.535, 817)

0.031
(0.039)
−0.067*
(0.035)
0.401
(1.647)
0.026
(0.033)
0.039
(0.043)
0.01
(0.013)
0.108
(0.109)
−3.111
(13.628)
−0.01
(0.016)
−0.034
(0.048)

0.023
(0.149, 1,236)
0.457
(0.498, 1,236)
0.299
(0.458, 1,236)
0.220
(0.414, 1,236)
0.002
(0.040, 1,236)

0.016
(0.127, 610)
0.474
(0.500, 610)
0.292
(0.455, 610)
0.215
(0.411, 610)
0.003
(0.057, 610)

0.029
(0.167, 626)
0.441
(0.497, 626)
0.305
(0.461, 626)
0.225
(0.418, 626)
0.000
(0.000, 626)

0.009*
(0.004)
−0.028
(0.031)
0.011
(0.019)
0.009
(0.022)
−0.004
(0.003)

0.234
(0.423, 1,620)
0.246
(0.431, 1,620)
0.249
(0.433, 1,620)
0.270
(0.444, 1,620)

0.223
(0.416, 803)
0.263
(0.440, 803)
0.255
(0.436, 803)
0.259
(0.438, 803)

0.245
(0.430, 817)
0.230
(0.421, 817)
0.244
(0.430, 817)
0.282
(0.450, 817)

0.018
(0.021)
−0.034
(0.022)
−0.016
(0.019)
0.021
(0.021)

CAI = computer-aided instruction, G3 = grade 3, G4 = grade 4, IQ = intelligence quotient, NAT = National
Assessment Test, TIMSS = Trends in International Mathematics and Science Study.
Notes: Treatment and control refer to whether students are randomly assigned into classes with CAI. Variables
used in this table are from the baseline survey in May 2018. The data are combined from three pieces of survey
conducted: (i) student survey, (ii) parent survey, and (iii) skill assessment. The numbers reported in each cell represent
means along with the standard deviation and the number of observations in parentheses (in this order). The column
“Difference” shows the estimates drawn from regressing outcomes on a treatment dummy coded 1 if students are
randomly assigned into classes with CAI and school-by-grade fixed effects. *** , ** , and * represent 0.1%, 1%, and
5% significance levels, respectively.
Source: Authors’ estimates.
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education of either one of the parents. Note that this information is retrieved from
the parental survey conducted at the same time as the student survey. However,
unlike the 100% response rate of the student survey administered during class, the
response rate of the parental survey was approximately 85%.
Although the observable characteristics are similar between the two groups,
several outcome variables, namely the achievement score for G4 students, DAM
type IQ scores, and self-esteem scale, are not comparable in the baseline
survey.
Because heterogeneity across groups can occur by chance even when
randomization is implemented correctly and the chance of achieving homogeneity
when we randomize at the group level increases with sample size, we are not
concerned by heterogeneity in four of the 15 variables. However, although schools
randomize the change in class composition annually, heterogeneity between the
treatment and control groups may still exist because of dropouts or absences on the
day of the baseline survey. We thus control for this using the demographic variables
we use for the heterogeneity check to enable a “pure” comparison.
The average treatment effect may depend on the interests of particular
subgroups of students. For example, if boys are more familiar with
computer-related equipment, the effect may be stronger for boys than girls. This
kind of heterogeneous effect is important for policy makers in designing policy
to reflect the needs of particular subgroups. We will discuss this point in the next
section.
C.

Results
1.

Effect on Cognitive Skills

We start by estimating the effect of CAI on student achievement.
The ordinary least squares estimates are reported in Table 2 along with
heteroskedasticity-robust standard errors. Our primary focus is the estimated effect
of access to Think!Think! on the NAT for G3 students and on the TIMSS for G4
students in the first row of the table.
Model 1 provides unconditional ANCOVA estimates. Model 2 controls for
prior achievement scores in the baseline survey and the missing baseline dummy.
Model 3 controls for basic demographic controls, such as gender, grade, birth
month, parental education, and school-grade time-invariant fixed effects, in addition
to prior test scores and the missing baseline dummy.
The results clearly show that the estimated coefficients on the standardized
test scores are positive and statistically significant at the 0.1% level (Table 2, NAT).
The estimated coefficients for the sample of G3 students indicate that exogenous
exposure to the CAI raises average test scores by about 0.77 standard deviation in
model 3.
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Table 2. Effect of Treatment: Cognitive Skills
NAT
Dependent Variable
Treatment
Baseline score
Control
Observations
Adjusted R2

TIMSS

Model 1

Model 2

Model 3

Model 1

Model 2

Model 3

***

***

***

***

***

0.681***
(0.104)
√

0.814
(0.291)

369
0.131

0.723
(0.204)
√

0.767
(0.223)
√

0.522
(0.135)

369
0.619

298
0.695

350
0.051

√

0.630
(0.091)
√
350
0.096

√

303
0.213

NAT = National Assessment Test, TIMSS = Trends in International Mathematics and Science Study.
Notes: The coefficients for the treatment group are reported above. The unit of observation is student. Columns
labeled models 1–3 show ordinary least squares estimates. Model 2 controls for prior score and missing baseline
dummy. Model 3 controls for prior score, gender, grade, birth months, parental education, missing baseline
dummy, and school-grade fixed effects. Standard errors are in parentheses and clustered by school. *** , ** , and
*
represent 0.1%, 1%, and 5% significance levels, respectively.
Source: Authors’ estimates.

Adding demographic controls and school-by-grade fixed effects to model 3
neither changes the magnitude of the coefficients across specifications nor improves
the precision of our estimates in explaining the variation in test scores. Once
we include the interaction term and test for heterogeneous effects for gender,
grade, and parental education, we obtain small point estimates on nearly all the
interaction terms, and the differences between these coefficients do not support
the hypothesis of significant heterogeneous effects on test scores. Furthermore,
the achievement gains are homogeneous for academically weaker students. These
results are available upon request.
The results are consistent with our expectations for the G4 sample (Table
2, TIMSS). Access to the CAI improves standardized test scores by 0.68 standard
deviation per 3-month exposure in model 3. Adding controls increases the point
estimates and decreases the standard errors of these estimates. At the same time,
we do not find any significant heterogeneous effects of gender, grade, parental
education, or initial achievement on test scores.
In Table 3, the estimated coefficient on the Tanaka B-type IQ score is positive
and statistically significant at the 0.1% level. Table 3 shows that the effect on the
IQ score from model 3 is 0.66 standard deviation. The estimated coefficient is
unchanged after controlling for demographic characteristics in model 3. However,
the coefficients of the DAM score are not statistically significant, regardless of the
model specification. Overall, our results indicate that the magnitude in cognitive
skills appears to be very large, compared with evidence from previous literature
where the intervention lasted for at least a year.
Because Muralidharan, Singh, and Ganimian (2019) applied very similar
CAL software to relatively poor students in Delhi, India, it is worth comparing their
results with ours. The comparable intent-to-treat estimates in Muralidharan, Singh,
and Ganimian (2019) indicate that lottery-winner-treated students scored 0.23
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Table 3. Effect of Treatment: Intelligence Quotient (IQ)
IQ
Dependent Variable
Treatment

Model 2

Model 3

***

***

***

0.705
(0.117)

Baseline score
Control
Observations
Adjusted R2

Draw-a-Man

Model 1

1,404
0.076

Model 1

Model 2

Model 3

0.022
(0.097)
√

−0.003
(0.105)
√

1,390
0.182

1,133
0.287

0.692
(0.111)
√

0.664
(0.111)
√
√

0.071
(0.080)

1,404
0.4

1,146
0.51

1,390
0.001

√

Notes: The coefficients for the treatment group are reported above. The unit of observation is student. Columns
labeled models 1–3 show ordinary least squares estimates. Model 2 controls for prior score and missing
baseline dummy. Model 3 controls for prior score, gender, grade, birth months, parental education, missing
baseline dummy, and school-grade fixed effects. Standard errors are in parentheses and clustered by school.
*** **
, , and * represent 0.1%, 1%, and 5% significance levels, respectively.
Source: Authors’ estimates.

standard deviation higher than control students after 4.5 months, while our results
in model 3 show an improvement of 0.77, 0.68, and 0.66 standard deviation for G3
students who took the NAT, G4 students who took the TIMSS, and G1–G4 students
who took the Tanaka-B IQ test, respectively. Muralidharan, Singh, and Ganimian
(2019) recruited the sample students from a cramming school called Mindspark
center in Delhi, and parents were told that their children would be chosen by lottery
to receive a tuition waiver (₹200 per month, equivalent to $3). Their participants
were self-selected (and perhaps highly motivated) and the administrative data
suggested they performed better than nonparticipants. Muralidharan, Singh, and
Ganimian (2019) found considerable heterogeneity in student progress by initial
learning level and that test score gains were much larger for initially low-achieving
students. The true estimates drawn from the representative sample containing more
low-performing students in our study may be much larger than the estimates
reported in their paper. On the other hand, because we covered all students in public
schools, the participants were not self-selected into the intervention.
Using kernel density estimation, we obtain the probability density function
for both achievement test scores and IQ scores to compare the score distributions
after the 3-month intervention (Figures A1–A3). Although the difference in the
DAM scores for the entire sample and even the interaction term with grades are not
statistically significant, the skills of younger students seem to improve.
2.

Effect on Noncognitive Skills and Inputs for Study

We then repeated the above approach using a set of noncognitive skills as
outcomes. Unlike the results for cognitive skills, we do not find any significant
effect for noncognitive skills, measured by motivation and self-esteem (Table 4).
However, it is clear that the estimated coefficient on willingness to attend college
is positive and statistically significant at the 5% level (Table 5), indicating that
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Table 4. Effect of Treatment: Noncognitive Skills
Motivation

Self-Esteem

Dependent Variable

Model 1

Model 2

Model 1

Model 2

Treatment

−0.023
(0.070)
√

−0.031
(0.069)
√

0.023
(0.052)
√

0.014
(0.059)
√
√

1402
0.274

1125
0.377

1396
0.025

1121
0.138

Baseline score
Control
Observations
Adjusted R2

√

Notes: The coefficients for the treatment group are reported above. The unit
of observation is student. Columns labeled models 1 and 2 show ordinary
least squares estimates. Model 1 controls for prior score and missing baseline
dummy. Model 2 controls for prior score, gender, grade, birth months, parental
education, missing baseline dummy, and school-grade fixed effects. Standard
errors are in parentheses and clustered by school. *** , ** , and * represent 0.1%,
1%, and 5% significance levels, respectively.
Source: Authors’ estimates.

Table 5. Effect of Treatment: Study Input
Study Time (minutes)

Willingness to Go to College

Dependent Variable

Model 1

Model 2

Model 1

Model 2

Treatment

−0.032
(0.097)
√

−0.099
(0.101)
√

0.136*
(0.073)
√

0.139*
(0.083)
√

1,299
0.05

1,057
0.09

1,367
0.033

1,094
0.048

Baseline score
Control
Observations
Adjusted R2

√

√

Notes: The coefficients for the treatment group are reported above. The unit of observation
is student. Columns labeled models 1 and 2 show ordinary least squares estimates. Model
1 controls for prior score and missing baseline dummy. Model 2 controls for prior score,
gender, grade, birth months, parental education, missing baseline dummy, and school-grade
fixed effects. Standard errors are in parentheses and clustered by school. *** , ** , and *
represent 0.1%, 1%, and 5% significance levels, respectively.
Source: Authors’ estimates.

students who used the CAI during class are more likely to believe they would
undertake more advanced education in the future. The coefficient remains constant
after controlling for demographic characteristics in model 2, which suggests that
heterogeneous effects in terms of gender, grade, and parental education do not exist.
Although the results do not indicate a positive effect of the CAI on noncognitive
skills, the estimated probability density functions (Figures A4–A5) suggest a slight
improvement in younger grades.
We also estimated the effect on time spent studying at home (Table 5), which
is considered an important input of an education production function. As already
mentioned above, students were not allowed to bring the tablet or personal computer
to their own homes. It is thus convincing that we do not find any significant effect
on studying longer at home. However, students in treatment classes sharply raised
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their achievements, even though their hours of study did not change both at home
and in the classroom. This indicates that CAI is successful in improving students’
learning efficiency and productivity.
V. Conclusion

We examined the causal effect of CAI on children’s cognitive and
noncognitive skills. In collaboration with the Government of Cambodia, we ran
a clustered RCT at five elementary schools around Phnom Penh over a period of 3
months. Students were randomly assigned to either one of 20 treatment classes that
were allowed to use the CAI instead of regular math classes during the intervention
or one of 20 control classes. Our empirical results show that the average treatment
effect on cognitive skills measured by several types of math achievement tests and
IQ tests is positive and statistically significant. The effect size is large, especially
compared with those in previous studies for developing countries: the estimated
coefficients are 0.68–0.77 standard deviation for student achievement and 0.66
standard deviation for IQ scores even after controlling for demographic factors.
Furthermore, we found that the CAI can raise students’ subjective expectation
of attending college in the future. However, there is no significant effect on
noncognitive skills, namely motivation and self-esteem.
Because we ran this clustered RCT for only 3 months, whether these effects
remain in the longer term requires further investigation. Nevertheless, our results
suggest that CAI has tremendous potential to improve students’ math scores in both
the short term and possibly the longer term.
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Appendix. Effect of Treatment: Estimated Probability Density Functions

Figure A1. NAT and TIMSS Scores

G3 = grade 3, G4 = grade 4, NAT = National Assessment Test, TIMSS = Trends in International Mathematics and
Science Study.
Notes: This graph shows the estimated probability density functions for the National Assessment Test (NAT) and
Trends in International Mathematics and Science Study (TIMSS) test given at the follow-up surveys. The light gray
function represents treatment groups and the dark gray function represents control groups.
Source: Authors’ calculation.

Figure A2. Intelligence Quotient (IQ) Scores (End-line)

G1 = grade 1, G2 = grade 2, G3 = grade 3, G4 = grade 4.
Notes: This graph shows the estimated probability density functions for the IQ tests given at the follow-up surveys.
The light gray function represents treatment groups and the dark gray function represents control groups.
Source: Authors’ calculation.
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Figure A3. Draw-a-Man Test Scores (End-line)

G1 = grade 1, G2 = grade 2, G3 = grade 3, G4 = grade 4.
Notes: This graph shows the estimated probability density functions for the Draw-a-Man test given at the follow-up
surveys. The light gray function represents treatment groups and the dark gray function represents control groups.
Source: Authors’ calculation.

Figure A4. Motivation (End-line)

G1 = grade 1, G2 = grade 2, G3 = grade 3, G4 = grade 4.
Notes: This graph shows the estimated probability density functions for motivation measured at the follow-up
surveys. The light gray function represents treatment groups, and the dark gray function represents control groups.
Source: Authors’ calculation.

118 Asian Development Review
Figure A5. Self-Esteem (End-line)

G1 = grade 1, G2 = grade 2, G3 = grade 3, G4 = grade 4.
Notes: This graph shows the estimated probability density functions for self-esteem measured at the follow-up
surveys. The light gray function represents treatment groups and the dark gray function represents control groups.
Source: Authors’ calculation.

Education–Occupation Mismatch and Its Wage
Penalties in Informal Employment in Thailand
Tanthaka Vivatsurakit and Jessica Vechbanyongratana∗

This study examines the incidence of vertical mismatch among formal and
informal workers in Thailand. Using the 2011, 2013, and 2015 Thailand
Household Socio-economic Surveys, the study analyzes the relationship
between vertical mismatch and wage penalties and premiums across four types
of workers: formal government, formal private firm, informal private firm,
and informal own-account workers. The incidence of overeducation is modest
among the oldest cohort (8.7%) but prevalent among the youngest cohort
(29.3%). Government employees face the highest overeducation wage penalties
(28.2%) compared to matched workers, while in private firms, informal workers
have consistently higher overeducation wage penalties than formal workers.
Educated young workers are increasingly absorbed into low-skill informal work
in private firms and face large overeducation wage penalties. The inability of
many young workers to capitalize on their educational investments in Thailand’s
formal labor market is a concern for future education and employment policy
development in Thailand.
Keywords: informality, overeducation, returns to education, Thailand, vertical
mismatch
JEL codes: A20, E26, I26, J01

I. Introduction

Over the past several decades, developing economies have emphasized
the expansion of education and increasing educational attainment for their
citizens as a means to achieve economic development. Despite rapidly increasing
educational attainment, subsequent skilled job growth has often lagged behind.
The combination of a rapidly growing educated workforce and slow growth of
skilled employment can lead to a problem of “overeducation”—also called vertical
mismatch—in developing countries, meaning that educated workers engage in
employment that requires less formal education than they have acquired.
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The existence of widespread informal employment in developing economies
adds a layer of concern against increasing rates of overeducation. According to
the International Labour Organization (ILO), own-account workers working in
informal enterprises, as well as employees whose “employment relationships [are],
in law or in practice, not subject to national labor legislation, income taxation, social
protection or entitlement to certain employment benefits,” are considered informally
employed (International Labour Organization 2003). Informal employment is
generally associated with low skill and low pay. Thus, in a developing country
context where formal employment growth is often slow, low-skill informal
employment may need to absorb a growing educated workforce, potentially
exacerbating overeducation wage penalties.
This paper evaluates the incidence of vertical mismatch and associated
wage penalties and premiums across formal and informal employment in Thailand.
Thailand is a representative case of a developing country with a rapidly expanding
educated workforce alongside high rates of informal employment and slow formal
employment growth. Since the government’s supply of education and compulsory
education laws vary across different generations of workers, we analyze the
incidence of vertical mismatch and associated wage penalties across age cohorts. In
addition, this paper analyzes the relationship between vertical mismatch and wage
penalties and premiums across four types of workers, including formal government,
formal private firm, informal private firm, and informal own-account workers.
We hypothesize that the incidence of overeducation will be higher among
younger cohorts due to rapid increases in compulsory education relative to skilled
job growth. Likewise, we expect the incidence of overeducation to be higher in
informal employment because the average skill level for informal jobs is low while
informal work has increasingly absorbed Thailand’s young, educated workforce.
We hypothesize that overeducation wage penalties are relatively high for formal
government employees compared to other types of workers because of the rigid
compensation system that sets pay based on occupation and experience, but gives
little additional reward for education completed beyond what is required for the
position. By contrast, the private sector is more flexible in allowing overeducated
employees to fully utilize their abilities and is more likely to pay based on
capabilities (Dolton and Vignoles 2000). By extending the same logic, we expect
workers in informal private firm employment and particularly in informal ownaccount work to have lower overeducation wage penalties than formal government
workers. However, it is an empirical question whether formal or informal workers
in private firms have higher overeducation wage penalties.
The analysis uses individual-level data from the 2011, 2013, and 2015 rounds
of the Thai Socio-economic Survey (SES). Consistent with our hypothesis, we find
that the incidence of overeducation is most prevalent (29.3%) among the youngest
cohort born between 1981 and 1990 and least prevalent (8.7%) among the oldest
cohort born between 1951 and 1960. We also find high rates of overeducation in
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informal employment. This is particularly the situation among the youngest cohort,
where 37.3% of informal workers in private firms and 50.1% of informal ownaccount workers are overeducated.
Using an augmented Mincerian wage regression, we find that the overall
overeducation wage penalty is 20.9%, while the undereducation wage premium is
10.2%. In general, we find that overeducation wage penalties are higher in older
cohorts, suggesting that these penalties become larger later in one’s career. The
penalties and premiums are similar across men and women. As expected, wage
penalties for government employees are relatively high at 28.2%, while the lowest
penalties belong to informal own-account workers at 3.9%. As for employees
in private firms, informal workers have consistently higher overeducation wage
penalties than formal workers across all age cohorts. Educated young workers
are increasingly absorbed into low-skill informal work in private firms and face
large overeducation wage penalties. The inability of many young workers to
capitalize on their educational investments in Thailand’s formal labor market is a
concern for future education and employment policy development in Thailand.
This paper is organized as follows. Section II provides a background on
Thailand’s education policies since the 1970s, its rising educational attainment, and
the growth of its formal workforce. Section III gives a brief review of the literature
on measuring overeducation and its wage penalties. This is followed by a description
of the data used in the analysis in section IV and the methodology in section V.
Section VI presents the empirical results followed by a discussion and conclusion
in section VII.
II. Thailand’s Rising Educational Attainment, Structural Change,
and Formalization of Work

As is the case with many developing countries, Thailand has prioritized
the expansion of education as a means to achieve economic development. Since
the 1970s, Thailand has increased compulsory levels of schooling from 4 years
to 9 years and initiated a large expansion of secondary and tertiary education.1
The 1980 National Primary Education Act mandated that all villages should be
equipped with schools. One of the major changes in the Thai education system
was the increase in government-mandated compulsory education from 4 years to 6
years in the 1970s and from 6 years to 9 years implemented in 2002. Consequently,
the share of workers who have completed upper secondary school went up from
17% in 1990 to 25% in 2 decades (Aemkulwat 2010). Over the same period, the
number of workers with vocational qualifications increased from 1.8 million to
1
The Thai education system is split into primary education (grades 1–6), lower secondary education (grades
7–9), and upper secondary/lower vocational education (grades 10–12). Tertiary education includes postsecondary
upper vocational training, 4-year university education, and higher level degrees.
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Figure 1. Gross Enrollment Rates in Thailand, 1971–2013

Note: Gaps are due to missing data for some years.
Source: World Bank. World Development Indicators. https://databank.worldbank.org/source/world-developmentindicators (accessed May 2019).

3 million (Aemkulwat 2010). Thailand also saw a significant increase in the number
of educational institutions at all levels, especially at the secondary and tertiary
levels. For example, the number of higher education institutions rose from a handful
in 1970 to 185 institutions in 2014 (Paweenawat and Vechbanyongratana 2015). The
expansion of schools combined with changes in the compulsory education laws led
to a steady increase in primary, secondary, and tertiary gross enrollment rates from
1971 to 2013, as shown in Figure 1. Primary education enrollment became universal
in the 1980s, while secondary enrollment increased from 18% to 82%, and tertiary
education from 3% to 50% since 1970.
In the past, Thailand’s economy was based primarily on agriculture. Thailand
has undergone a significant economic transformation that started in the 1970s.
It experienced a rapid demographic transition, encouraged investment to develop
its manufacturing sector, and saw people move out of rural agriculture and into
work in urban areas (Baker and Phongpaichit 2009). Following the world’s oil
crisis in 1973 and other external factors, Thailand shifted toward export-oriented
manufacturing in the 1980s, increasing exports of primarily labor-intensive
products by approximately 24% per year during 1984–1989 (Baker and
Phongpaichit 2009). From the 1990s onward, the tourism and service sectors
experienced growth in part due to the government’s promotion of Thailand as a
tourist destination (Kaosa-ard 2002). Figure 2 shows the contributions of each
sector to total employment in Thailand between 1991 and 2018.
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Figure 2. Thailand’s Sectoral Employment Shares, 1991–2018

Source: World Bank. World Development Indicators. https://databank.worldbank.org/source/world-developmentindicators (accessed May 2019).

Figure 2 demonstrates that the agriculture sector saw a rapid decline in its
contribution to employment, dropping from 60% to 32% over the 28-year period.
At the same time, employment in the service sector rose rapidly from 22% to
45%, while the share of workers in manufacturing continued to rise during this
period, albeit more slowly, from 18% to 23%. Thailand’s smallholder agricultural
past means that most employment was traditionally considered informal. Since
the 1990s, a significant number of workers moved from a work status of “unpaid
family worker” to “employees of private companies” (Aemkulwat 2010). However,
even though Thailand experienced a major transformation of its economy over the
past 4 decades, the country largely did not experience concurrent formalization
of employment. The Thai government defines formal workers as employees who
are covered by employer-provided social insurance (such as the Civil Servants’
Welfare Scheme or protection under the Social Security Act B.E. 2533 [1990])
and protection under the labor law.2 The growth of formal private firm employment
through the expansion of social security has been slow, but it has picked up in recent

2
The Thai government defines formal workers as follows: all government officers and employees; all state
enterprise employees; all teachers in private schools, according to the Private School Act; government officers and
employees of other countries or those who work in international organizations; all employees who have protection
under labor legislation; and workers who have social security according to Social Security Act B.E. 2533 (1990)
(Ministry of Labour n.d.).
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Figure 3. Distribution of Formal and Informal Workers across Occupational
Categories, 2015

ISCO-08 = 2008 International Standard Classification of Occupations.
Notes: The tabulation includes only workers who receive labor income, including government workers, private firm
employees, and own-account workers. The tabulations exclude employers and unpaid family workers.
Source: Authors’ calculations from the 2015 Thailand Socio-economic Survey.

years. The number of private firm workers covered by Section 33 of the Social
Security Act has grown from 8.6 million workers in 2008 to 10.8 million workers in
2017, which represents an increase from 23% to 29% of the total workforce. Despite
efforts to expand formal employment, Thailand’s informal workers continue to
make significant contributions to the country’s economy, with official figures putting
the share of informal workers in the total workforce at 55% in 2018 (National
Statistical Office 2018).
Informal employment is not distributed evenly across all occupations. Figure
3 shows the distribution of formal workers (government workers and formal
private firm employees) and informal workers (informal private firm employees and
own-account workers) who receive cash remuneration across occupational
categories based on the 1-digit 2008 International Standard Classification of
Occupations (ISCO-08). Occupations requiring the highest levels of education and
skill are located toward the left side of Figure 3, including managers, professionals,
and technicians and associate professionals. These categories largely encompass
civil servants and highly skilled workers in larger private firms, and thus workers
employed in these occupations are generally formal. The occupational categories
that require the least education and skills are located toward the right side of the
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figure, including craft and related trades workers, plant and machine operators and
assemblers, and elementary occupations. Informal workers are disproportionately
represented in the occupational groups located on the right side of the figure. The
one exception is the high number of formal workers in occupation category 8—plant
and machine operators and assemblers—which encompasses lower skilled factory
work. The government’s push to develop the manufacturing sector during the 1980s
and 1990s attracted larger firms such that the government subsequently required
them to register for tax (including employment tax) purposes, which explains why
workers in occupation category 8 are largely formal. Despite the government’s
mandate that all firms hiring one or more workers must register their employees for
social security, many smaller enterprises remain unregistered, often intentionally
to avoid taxation and social security contributions. Own-account workers—who
are informally employed by definition—generally work in lower skill occupational
categories. In fact, approximately 95% of own-account workers are classified as
working in occupation categories 5 through 9, making up a significant proportion
of workers in these categories.
Although one finds that informal workers are disproportionately represented
in occupations requiring lower skill and education, it is important to note that within
the Thai context, one finds both formal and informal workers often performing the
same jobs. For example, according to the 2016 Thai Labor Force Survey Informal
Supplement, informal workers engaged in food, beverages, textile, and wearing
apparel manufacturing constituted 38%, 32%, 32%, and 47% of the workers in these
manufacturing subcategories, respectively (Vechbanyongratana et al. 2021).
III. Related Literature on Education–Occupation Mismatch

With the growth in educated workforces around the world and the unintended
consequences of vertical education–occupation mismatch, several empirical studies
on the incidence and implications of a mismatch between attained and required
levels of education have been published in recent years. One of the challenges in
studying the wage impacts of vertical mismatch is how to quantify it. Hartog (2000)
summarizes three possible options as follows:
i.

Job analysis. This method follows systematic evaluation by
professional job analysts such as the Dictionary of Occupational
Titles published by the United States (US) Department of Labor or
recommendations of minimum required degrees by Thailand’s Ministry
of Labor (e.g., Paweenawat and Vechbanyongratana 2015).

ii.

Worker self-assessment. Mismatch is directly evaluated by workers
themselves. Surveys ask workers their opinion on the minimum
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education needed to perform their jobs (e.g., Duncan and Hoffman
1981, Sicherman 1991, Dolton and Vignoles 2000).
iii.

Realized matches. This method was introduced by Verdugo and
Verdugo (1989). This study used the mean education level plus 1
standard deviation to determine the required level of education needed
to perform a job. This is then compared with the actual level of
education attained by each worker, which determines whether a worker
has the education that matches the required education for employment.
Other studies apply this method but use a modal value instead of the
mean (e.g., Mendes de Oliveira, Santos, and Kiker 2000). Our paper
uses the modal method described here.

Duncan and Hoffman (1981) made significant contributions to empirically
measuring the impact of overeducation on wages by introducing the overeducation,
required education, and undereducation (ORU) model. In this model, overeducation
or undereducation is determined by the difference in attained and required
education. Earnings are regressed on required years of education, years of
overeducation, and years of undereducation. Using the US 1976 Panel Study of
Income Dynamics, Duncan and Hoffman (1981) find that 46% of individuals are
perfectly matched, while 42% of workers receive higher levels of education than
required for their jobs. In addition, the results show that wages are determined
mainly by the required education level, and the coefficient of surplus education
(overeducation) is positive and significant. This method has been used by scholars
in several country contexts to estimate wage impacts of vertical mismatch, including
Dolton and Vignoles (2000) using British data; Hartog (2000) on the Netherlands,
Portugal, Spain, the United Kingdom, and the US; and Johansson and Katz (2007)
and Korpi and Tåhlin (2009) using Swedish data. All of these studies find that
returns to required levels of schooling are higher than returns to surplus education,
which is consistent with the original findings by Duncan and Hoffman (1981).
Several studies regress the natural log of wages on a series of dummy
variables that identify workers as overeducated, undereducated, or matched
educated. The expected sign on the overeducation dummy variable is negative
since it is expected that workers who are overeducated for their job would earn
less than a matched-educated worker (excluded category) with the same amount
of education. Verdugo and Verdugo (1989) pioneered this approach and found a
13% wage penalty among workers in the US. A study using Australian data by
Mavromaras et al. (2013) shows a 21.5% penalty among male workers aged 16–64
with a university degree or equivalent. Similarly, a study using data from the United
Kingdom by McGuinness and Sloane (2011) estimates a 31% to 39% wage penalty
among early career university graduates.
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There are two recent studies on overeducation wage penalties specific to
Thailand. The first by Paweenawat and Vechbanyongratana (2015) analyze wage
penalties among male university graduates. The average wage penalty was found
to be 19%, but when stratified by cohort, younger workers were found to have
higher overeducation wage penalties that can be explained by an increasing supply
of young university graduates and a dearth of commensurate jobs in the market.
Another study by Pholphirul (2017) estimates both vertical and horizontal mismatch
(i.e., a mismatch between job and field of study) using Thailand’s 2008 Labor
Force Survey. For vertical mismatches, the author uses the modal value method
to determine education–occupation matches for each worker. The author finds that
overeducated workers who completed compulsory lower secondary education or
above face on average an 18.6% wage penalty.
Despite the existence of recent studies on Thailand, no study, to date, has
taken into consideration potential systematic differences in the incidence and
wage impacts of undereducation and overeducation across formal and informal
workers. This is important to consider since a significant proportion of workers
in Thailand’s economy—and developing economies more generally—are in
fact informally employed and not covered by relevant labor regulations. This
paper adds to the literature by determining the incidence of undereducation and
overeducation and estimating wage premiums and penalties associated with vertical
education–occupation mismatch between formal and informal workers.
Furthermore, this study considers the incidence of vertical mismatch and the
associated penalties and premiums across four cohorts of workers who were
exposed to different education policies and early career labor market opportunities
in Thailand’s rapidly changing economy.
IV. Data

This study uses the Thailand SES, a nationally representative household
survey collected by the National Statistical Office, for the years 2011, 2013,
and 2015 (National Statistical Office 2011, 2013, and 2015). We define formal
employees as government and private firm workers who are covered by the Civil
Service Welfare Scheme, Section 33 under the Social Security Act (1990), or
other employer-provided welfare program.3 Informal workers are defined as those
in private firm employment without employer-provided social welfare, as well
as those engaged in own-account work.4 The dataset includes observations on
3
There are three schemes under the Social Security Act (1990), including Section 33, Section 39, and Section
40. Section 33 refers to employer-provided social security, while Sections 39 and 40 are voluntary schemes.
4
We deviate slightly from the government’s definition of informal employment by defining all own-account
workers as informally employed even if they are coded as being covered by social security (less than 4% of
own-account workers). We are interested in workers with employer-provided protections. Own-account workers with
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Table 1. Thai Education Classifications Harmonized with ISCO-08 Skill
Level Classifications
Level
0
1
2
3
4

Description
Completed less than primary education
Completion of primary education or the first stage of basic education
Lower secondary education, upper secondary education, postsecondary,
nontertiary Education (Por Wor Chor)
Higher educational institution following completion of secondary
education for a period of 1–3 years (Por Wor Sor and Por Wor Tor)
Higher educational institution for a period of 3–6 years leading to the
award of a first degree or higher qualification

ISCO-08 = 2008 International Standard Classification of Occupations.
Sources: International Labour Organization (2012) and National Statistical Office (2010).

104,137 workers who report labor income.5 A total of 53,206 workers are classified
as informally employed, of which 27,481 work in private firms and 25,725 are
own-account workers.
The workers are coded into five education classifications that are harmonized
with the ISCO-08 skill level classifications (International Labour Organization
2012). Table 1 shows the National Statistical Office’s harmonization of Thai
education levels with the ISCO-08 skill level classifications. The classification
of overeducation, undereducation, and matched education for each individual is
based on realized matches suggested by Verdugo and Verdugo (1989) and Mendes
de Oliveira, Santos, and Kiker (2000). Following Mendes de Oliveira, Santos,
and Kiker (2000), the modal educational category (0–4) within each occupation
is used to determine “required education.” After finding the modal educational
category within each ISCO-08 occupation code at the 3-digit level, each worker’s
education level is then compared to the modal education level for their occupation
to determine whether the worker is overeducated, undereducated, or matched
educated.6 For example, if a worker completed an upper secondary diploma
(category 3) but works in a job that primarily employs workers with primary
education (category 1), this worker would be considered overeducated for their
current job. Table 2 reports summary statistics for the sample used in this study.
Informal private firm employees and own-account workers on average have
lower levels of education, with 62.6% and 53% having completed primary school
or less, respectively. This is in contrast to formal government workers of which only

social security coverage are most likely registered for one of the voluntary social security schemes (Section 39 or
40). The coding does not impact the results.
5
For own-account workers, we use business income instead of labor income. Since own-account workers are
self-employed and do not have other employees, business income is comparable to labor income in this case.
6
If there is more than one modal value, the smaller value is selected. Also, the estimations are not sensitive
to the method of constructing the vertical mismatch dummy variables. Using the median level of education in each
occupational category yields qualitatively similar results to the modal method.

0.500
0.414
0.446
0.386
0.401
0.467
0.250
0.419
12.529
0.500
0.459
0.466
0.285
0.475
0.394
0.411
0.367

0.506
0.220
0.274
0.183
0.201
0.322
0.067
0.228
25.311
0.484
0.699
0.680
0.089
0.344
0.192
0.215
0.160

0.703
0.123
0.174
0.056
0.054
0.232
0.074
0.584
23.369
0.480
0.723
0.736
0.045
0.246
0.240
0.315
0.154

21,855

Mean

0.457
0.328
0.379
0.229
0.226
0.422
0.262
0.493
11.404
0.500
0.447
0.441
0.207
0.431
0.427
0.465
0.361

15,206

Std Dev

0.551
0.199
0.250
0.083
0.153
0.416
0.110
0.238
19.500
0.493
0.653
0.698
0.184
0.508
0.111
0.093
0.104

14,810

Mean

0.497
0.399
0.433
0.276
0.360
0.493
0.313
0.426
11.129
0.500
0.476
0.459
0.388
0.500
0.314
0.291
0.306

10,279

Std Dev

Formal Private Firm
Employee (N = 27,790)

Source: Authors’ calculations from 2011, 2013, and 2015 Thailand Socio-economic Surveys.

12,095

14,178

Real monthly total
earnings (2015 baht)
Matched educated (0/1)
Overeducated (0/1)
Undereducated (0/1)
Less than primary (0/1)
Primary (0/1)
Lower secondary (0/1)
Upper secondary (0/1)
Tertiary (0/1)
Potential experience
Female (0/1)
Married (0/1)
Urban (0/1)
Bangkok (0/1)
Central (0/1)
North (0/1)
Northeast (0/1)
South (0/1)

Std Dev

Mean

Variable

All (N = 104,137)

Table 2. Summary Statistics
Formal Government
(N = 23,141)

0.431
0.257
0.312
0.286
0.340
0.299
0.029
0.047
27.411
0.416
0.684
0.576
0.049
0.305
0.190
0.231
0.224

7,759

Mean

0.495
0.437
0.463
0.452
0.474
0.458
0.167
0.211
12.461
0.493
0.465
0.494
0.216
0.460
0.393
0.422
0.417

5,711

Std Dev

Informal Employee
(N = 27,481)

0.362
0.291
0.348
0.295
0.235
0.326
0.055
0.089
31.090
0.550
0.743
0.723
0.070
0.297
0.237
0.239
0.158

13,448

Mean

0.480
0.454
0.476
0.456
0.424
0.469
0.229
0.285
11.869
0.498
0.437
0.447
0.254
0.457
0.425
0.427
0.364

11,716

Std Dev

Own-Account
Worker (N = 25,725)

Education–Occupation Mismatch and Its Wage Penalties in Thailand 129

130 Asian Development Review
Figure 4. Educational Attainment by Birth Cohort

Source: Authors’ calculations from 2011, 2013, and 2015 Thailand Socio-economic Surveys.

11% have completed primary school or less. Formal government workers are also
significantly more likely to have completed higher education with 58% completing a
bachelor’s degree or higher compared to only 5% of informal private firm employees
and 9% of own-account workers. Thus, it is not surprising that real monthly earnings
for formal workers are on average significantly higher than for informal workers.
Formal government employees and formal private firm employees earn on average
21,855 baht (B) and B14,810 compared to B7,759 and B13,448 for informal
employees and own-account workers, respectively.
Given generational differences in access to education and early career
labor market opportunities, it is instructive to see the differences in completed
education and the incidence of formal and informal employment stratified by
birth cohort shown in Figures 4 and 5. The overall picture in Figure 4 is one
of increasing educational attainment across successive birth cohorts. Among the
oldest cohort, more than half of workers completed less than primary education
and 39% completed lower secondary education or more. Among the youngest
cohort, only 2% completed less than primary education, while 85% completed lower
secondary education or higher. Figure 5 indicates that there is declining informality
across successive birth cohorts. The incidence of informality among employees
and own-account workers is highest among the oldest cohort at 61%. However,
despite rapid industrialization and structural change in the Thai economy, the rate of
informal employment is still high among the youngest cohort at 40%. Interestingly,
individuals in the youngest cohort are much less likely to be own-account workers
and government employees than previous generations. The youngest workers are
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Figure 5. Employment Sector by Birth Cohort

Source: Authors’ calculations from 2011, 2013, and 2015 Thailand Socio-economic Surveys.

Figure 6. Undereducated Workers by Birth Cohort and Employment Sector

Source: Authors’ calculations from 2011, 2013, and 2015 Thailand Socio-economic Surveys.

much more likely to be employed by private firms, but the incidence of informality
among young workers in private firms is 40%.
The incidence of undereducation and overeducation for the entire sample
stands at 27.4% and 22%, respectively, but differs across birth cohorts and
employment sector, as illustrated in Figures 6 and 7.
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Figure 7. Overeducated Workers by Birth Cohort and Employment Sector

Source: Authors’ calculations from 2011, 2013, and 2015 Thailand Socio-economic Surveys.

The proportion of undereducated workers has declined over successive birth
cohorts for every work status, particularly for formal private firm employees,
own-account workers, and informal private firm employees. This pattern is
consistent with increasing educational attainment among the younger cohorts due to
more compulsory education and increased opportunities to complete secondary and
tertiary education. The proportion of overeducated formal government workers is
similar across cohorts. However, the incidence of overeducated formal and informal
private firm employees and own-account workers has increased over successive
cohorts, which is consistent with increasing levels of education. Although the
youngest cohort is the least likely to be engaged in own-account work, the incidence
of overeducation among those in this group is high at 50%. Likewise, among the
30% of the youngest cohort employed informally by private firms, the incidence of
overeducation is 37%.
V. Methodology

We use an augmented Mincerian wage regression model to estimate the
overeducation and undereducation wage penalties and premiums, respectively.
We run an ordinary least squares model that includes dummy variables for
overeducation and undereducation with matched education as the excluded
category.
ln wi = α + β1 OverEdi + β2 UnderEdi + Xi γ + εi

(1)

The dependent variable, ln wi , is the natural log of real monthly earnings, Xi
is a vector of individual characteristics, including potential work experience
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(age − years of schooling − 6) and potential work experience squared; and
dummy variables for level of education completed (primary, lower secondary,
upper secondary, and tertiary); married; female; urban area; region (central, north,
northeast, and south); and survey year. OverEdi is a dummy variable that indicates
that an individual’s educational attainment is greater than the modal value of
education found in their occupation, and UnderEdi is a dummy variable that
indicates that an individual’s level of education is lower than the modal value for
their occupation.
We first run regression (1) using the pooled sample from 2011, 2013, and
2015, and then we run it separately by employment sector. We then repeat the
analysis stratified by male and female to see whether there are any gendered
differences in overeducation wage penalties and undereducation wage premiums.
The final analysis is stratified by birth cohorts and employment sector to see if
the overeducation wage penalties and undereducation wage premiums diverge for
individuals facing different compulsory education policies, educational access, and
early career labor markets.

VI. Empirical Findings

The empirical results for the baseline pooled regression and regressions
stratified by sector of employment are reported in Table 3. The average
overeducation wage penalty and undereducation wage premium are 20.9% and
10.2%, respectively. The 20.9% wage penalty is comparable to the previous estimate
of 19% in the study by Pholphirul (2017) using the 2008 Labor Force Survey.
The overeducation wage penalties differ across employment sectors. The largest
overeducation wage penalty is in the formal government sector at 28.2%. The high
penalty may reflect the rigidity of the Thai civil service system where remuneration
is strictly tied to occupation and experience. A government worker with high
levels of education would be paid similarly with a government worker with lower
academic credentials working in the same position. At 21.8%, informal private firm
workers have higher overeducation wage penalties than formal private firm workers
(17.9%). Interestingly, own-account workers have the lowest overeducation wage
penalties at 3.9%. This may reflect the nature of own-account work in which workers
are their “own bosses,” allowing them flexibility to work according to their own
productivity regardless of occupation.
Table 3 indicates that on average—after controlling for a full set of
covariates—women earn 19.2% less than men. The results stratified by employment
sector show that the gender wage differentials are smaller within formal work
(15.7%–17.5%) compared to informal work (22.1%–22.2%). Given that women
appear to be at a wage disadvantage compared to men, it is of interest to know
whether women and men experience different overeducation wage penalties and
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Table 3. Overeducation Wage Penalties and Undereducation Wage Premiums in Thailand,
Ordinary Least Squares Regressions
(1)

(2)
(3)
(4)
(5)
Dependent Variable: Ln(Monthly Labor Income)
Formal Employment
Informal Employment
Private
Private
OwnPooled
Government
Firm
Firm
Account
Baseline
Employee
Employee
Employee
Worker
Overeducated
Undereducated
Elementary
Lower secondary
Upper secondary
Tertiary
Formal employee
Informal employee
Own-account workers
Potential experience
Potential experience2
Female indicator
Married
Central
North
Northeast
South
Municipal area
Survey year 2013
Survey year 2015
Constant
F-statistic
Adjusted R2
Observations

−0.209***
(0.005)
0.102***
(0.006)
0.175***
(0.008)
0.495***
(0.009)
0.866***
(0.012)
1.264***
(0.011)
−0.015***
(0.005)
−0.352***
(0.006)
−0.050***
(0.007)
0.040***
(0.001)
−0.006***
(0.000)
−0.192***
(0.004)
0.086***
(0.004)
−0.167***
(0.006)
−0.358***
(0.007)
−0.316***
(0.007)
−0.209***
(0.007)
0.096***
(0.004)
0.123***
(0.004)
0.145***
(0.004)
8.411***
(0.015)
4,585.75
0.427
104,137

−0.282***
(0.011)
0.133***
(0.014)
0.268***
(0.027)
0.910***
(0.024)
1.418***
(0.026)
1.907***
(0.025)

−0.179***
(0.007)
0.096***
(0.008)
0.096***
(0.012)
0.447***
(0.015)
0.838***
(0.017)
1.134***
(0.016)

−0.218***
(0.008)
0.180***
(0.008)
0.186***
(0.010)
0.464***
(0.013)
0.723***
(0.024)
1.153***
(0.022)

−0.039**
(0.015)
0.096***
(0.015)
0.064***
(0.019)
0.237***
(0.022)
0.376***
(0.031)
0.571***
(0.029)

0.050***
(0.001)
−0.004***
(0.000)
−0.157***
(0.007)
0.040***
(0.008)
−0.139***
(0.015)
−0.193***
(0.015)
−0.200***
(0.015)
−0.121***
(0.016)
0.169***
(0.008)
0.075***
(0.008)
0.110***
(0.008)
7.436***
(0.030)
1,804.62
0.559
23,141

0.028***
(0.001)
−0.004***
(0.000)
−0.175***
(0.005)
0.049***
(0.005)
−0.158***
(0.007)
−0.399***
(0.010)
−0.397***
(0.010)
−0.276***
(0.010)
0.007
(0.005)
0.184***
(0.006)
0.201***
(0.006)
8.640***
(0.019)
1,241.08
0.458
27,790

0.022***
(0.001)
−0.004***
(0.000)
−0.222***
(0.006)
0.083***
(0.007)
−0.309***
(0.014)
−0.495***
(0.014)
−0.486***
(0.014)
−0.326***
(0.014)
0.053***
(0.006)
0.154***
(0.007)
0.182***
(0.007)
8.504***
(0.024)
516.355
0.281
27,481

0.024***
(0.002)
−0.004***
(0.000)
−0.221***
(0.010)
0.137***
(0.012)
−0.177***
(0.019)
−0.414***
(0.020)
−0.318***
(0.020)
−0.207***
(0.022)
0.174***
(0.012)
0.084***
(0.012)
0.124***
(0.012)
8.835***
(0.043)
192.903
0.111
25,725

Notes: Robust standard errors in parentheses. *** p < 0.01 ** p < 0.05 * p < 0.1.
Source: Authors’ calculations from 2011, 2013, and 2015 Thailand Socio-economic Surveys.
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Table 4. Overeducation Wage Penalties and Undereducation Wage Premiums in Thailand
by Gender, Ordinary Least Squares Regressions
(1)

(2)
(3)
(4)
Dependent Variable: Ln(Monthly Labor Income)
Formal Employment

Men

Overeducated
Undereducated

Women

F-statistic
Adjusted R2
Observations
Overeducated
Undereducated
F-statistic
Adjusted R2
Observations

(5)

Informal Employment

Pooled
Baseline

Government
Employee

Private
Firm
Employee

Private
Firm
Employee

OwnAccount
Worker

−0.197***
(0.007)
0.125***
(0.008)
2,439.89
0.423
53,735
−0.219***
(0.008)
0.081***
(0.008)
2,471.88
0.433
50,402

−0.257***
(0.014)
0.177***
(0.017)
1,065.54
0.544
12,025
−0.275***
(0.022)
0.106***
(0.027)
904.934
0.587
11,116

−0.212***
(0.011)
0.170***
(0.014)
636.293
0.448
14,077
−0.180***
(0.010)
0.048***
(0.010)
686.816
0.472
13,713

−0.209***
(0.010)
0.189***
(0.010)
265.740
0.250
16,056
−0.221***
(0.013)
0.162***
(0.012)
256.025
0.290
11,425

−0.033
(0.021)
0.078***
(0.023)
104.933
0.121
11,577
−0.051**
(0.022)
0.109***
(0.021)
69.467
0.074
14,148

Notes: Robust standard errors in parentheses. Other controls: education, potential experience, potential experience2 ,
married, urban, region, and survey year. *** p < 0.01 ** p < 0.05 * p < 0.1.
Source: Authors’ calculations from 2011, 2013, and 2015 Thailand Socio-economic Surveys.

undereducation wage premiums. Table 4 reports the regression results stratified by
gender.
Despite the fact that women have a wage disadvantage when controlling for
personal characteristics, women experience similar wage penalties and premiums
as men. Overall, the wage penalty for men is 19.7% compared to 21.9% for women,
while the undereducation wage premiums are 12.5% and 8.1% for men and women,
respectively. The wage penalties are also similar across all four employment sectors.
The similarities in overeducation wage penalties may be due in part to the fact
that men and women in the Thai labor market have similar worker characteristics,
including labor force participation and educational attainment.
As mentioned previously, many of the oldest workers were required to
complete only 4 years of compulsory schooling and entered the labor market
when Thailand was just beginning its structural transformation, and it was still
primarily an agricultural economy. In contrast, the youngest cohort in the sample
was required to complete 6–9 years of compulsory education and had access
to free education through secondary school and expanded tertiary education
opportunities. Moreover, younger workers entered the job market in an economy
that was much more diversified with a broader range of occupations requiring
various skill levels. Because the oldest and youngest workers faced very different
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education policies and labor market conditions, which resulted in lower incidences
of undereducation and higher incidences of overeducation in younger cohorts, it is
of interest to see whether older and younger workers face different undereducation
wage premiums and overeducation wage penalties. Table 5 reports regression results
across employment sectors and birth cohorts.
Columns (1) and (2) in Table 5 show results across four birth cohorts
in formal government and formal private firm employment, while columns
(3) and (4) show the results for informal workers in private firms and
own-account work. The results show that along with the decrease in the incidence of
undereducation, the undereducation wage premium is lower for formally employed
workers in younger cohorts. Similar to workers in formal employment, informally
employed private firm workers and own-account workers generally have decreasing
undereducation wage premiums across successive birth cohorts. The youngest
generation of workers born in the 1980s, for which undereducation is rare, have no
undereducation wage premiums with the exception of a small premium in informal
private firm work.
Despite the increase in the incidence of overeducation over successive birth
cohorts, the overeducation wage penalty is lower for younger workers in formal
government employment, formal private firm employment, and informal private
firm employment. Since the survey data used for the analysis was collected between
2011 and 2015, we observe wages for each of the cohorts at different points
within their careers. The high overeducation wage penalties in the oldest cohort and
relatively low wage penalties in the youngest cohort likely reflect different earnings
trajectories for overeducated versus matched-educated workers. For example, a
university graduate who spends their career in restaurant service (overeducated)
will likely have a shallower earnings trajectory than a university graduate who
works as an accountant (matched educated) throughout their career. This scenario
would result in larger overeducation wage penalties later in one’s career. For the
youngest cohort of formal workers, the overeducation wage penalty is relatively
modest at around 15%. However, the wage penalties within each cohort are higher
for informally employed private firm workers than for formally employed private
firm workers. This is an important observation considering that informal work in
private firms continues to absorb a large number of younger workers (see Figure
5) who are more likely to be overeducated than in previous generations (see
Figure 7).
As for informal own-account work, there is no clear pattern across
generations. Most own-account workers are employed in services and crafts
and related trades (ISCO-08 occupational categories 5 and 7). Although the
overeducation wage penalty is 14.5% among the oldest cohort born in the 1950s,
cohorts born in the 1960s and 1970s face no overeducation wage penalties.
Although only 11% of the youngest cohort is employed as own-account workers,
50% are overeducated and face a wage penalty of 9.3%.
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Table 5. Overeducation Wage Penalties and Undereducation Wage Premiums in
Thailand by Birth Cohorts, Ordinary Least Squares Regressions
(1)
(2)
(3)
(4)
Dependent Variable: Ln(Monthly Labor Income)
Formal Employment

All workers

Overeducated
Undereducated

Born 1951–1960

F-statistic
Adjusted R2
Observations
Overeducated
Undereducated

Born 1961–1970

F-statistic
Adjusted R2
Observations
Overeducated
Undereducated

Born 1971–1980

F-statistic
Adjusted R2
Observations
Overeducated
Undereducated

Born 1981–1990

F-statistic
Adjusted R2
Observations
Overeducated
Undereducated
F-statistic
Adjusted R2
Observations

Informal Employment

Government
Employee

Private
Firm
Employee

Private
Firm
Employee

OwnAccount
Worker

−0.282***
(0.011)
0.133***
(0.014)
1,804.62
0.559
23,141
−0.456***
(0.040)
0.276***
(0.030)
377.877
0.596
5,048
−0.358***
(0.020)
0.108***
(0.023)
572.910
0.556
7,645
−0.234***
(0.017)
0.031
(0.026)
284.011
0.445
6,237
−0.151***
(0.021)
−0.019
(0.026)
115.388
0.322
4,211

−0.179***
(0.007)
0.096***
(0.008)
1,241.08
0.458
27,790
−0.322***
(0.055)
0.236***
(0.032)
103.247
0.535
1,562
−0.217***
(0.020)
0.122***
(0.016)
380.047
0.534
5,598
−0.175***
(0.012)
0.103***
(0.013)
475.371
0.461
10,138
−0.150***
(0.010)
−0.007
(0.012)
345.815
0.388
10,492

−0.218***
(0.008)
0.180***
(0.008)
516.355
0.281
27,481
−0.338***
(0.045)
0.221***
(0.019)
91.303
0.318
4,045
−0.243***
(0.018)
0.166***
(0.013)
158.260
0.290
8,113
−0.211***
(0.013)
0.181***
(0.015)
156.470
0.272
8,231
−0.191***
(0.013)
0.131***
(0.017)
109.281
0.228
7,092

−0.039**
(0.015)
0.096***
(0.015)
192.903
0.111
25,725
−0.145***
(0.045)
0.120***
(0.027)
38.519
0.096
6,348
−0.027
(0.026)
0.061**
(0.024)
81.911
0.112
9,631
0.004
(0.026)
0.153***
(0.033)
48.318
0.096
7,012
−0.093**
(0.038)
−0.012
(0.058)
13.920
0.070
2,734

Notes: Robust standard errors in parentheses. Other controls: education, potential experience, potential
experience squared, married, urban, region, and survey year. *** p < 0.01 ** p < 0.05 * p < 0.1.
Source: Authors’ calculations from 2011, 2013, and 2015 Thailand Socio-economic Surveys.

We acknowledge that workers are not randomly assigned to be overeducated,
matched educated, or undereducated for their jobs, which could bias the coefficient
estimates. There are relevant unobservable factors, such as low ability or degree
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completion from low-quality institutions, that cannot be corrected for using the
existing data, potentially leading to overestimated wage penalties for overeducated
persons who in fact work at their correct level of productivity. Although we cannot
directly solve the ability bias in this present study, previous work on overeducation
wage penalties shows that even when taking into account unobserved individual
heterogeneity, the negative impact of overeducation on wages generally does not
disappear. For example, Korpi and Tåhlin (2009) employ a fixed-effect approach
using panel data from Sweden. Their results suggest that even after accounting
for unobservable personal characteristics, returns to years of education beyond
what is required for the job are positive and significant, suggesting that the
ordinary least squares estimates are not merely capturing differences in unobserved
ability. A study by Mavromaras et al. (2013) employs fixed effect and random
effect models to panel data and finds that unobservable individual heterogeneity
cannot explain all of the negative impact of overeducation and overskilling among
working-age Australian men. Papers by McGuinness and Bennett (2007) and
Paweenawat and Vechbanyongratana (2015) use a quantile approach to show that
overeducation occurs at all points along the wage and ability distribution, which
suggests that overeducation is not synonymous with low ability in Northern Ireland
and Thailand, respectively. Specifically in the case of Thailand, overeducated male
university graduates born between 1966 and 1985 face large overeducation wage
penalties at all points along the ability distribution, which is consistent with
an imbalance between the number of university graduates and jobs available in
the economy (Paweenawat and Vechbanyongratana 2015). Results from previous
related studies give us some level of confidence that our estimated coefficients
on the undereducation and overeducation variables are not entirely driven by
the ability bias and do in fact capture in part the relationship between vertical
education–occupation mismatch and wages in formal and informal employment.
VII. Discussion and Conclusions

Since the 1970s, Thailand has enacted a variety of policies to pursue
economic development. These policies include increasing compulsory education
from 4 years to 9 years, providing free education through upper secondary school
and expanding higher education opportunities. The government also worked to
change the structure of the economy, transforming it from a largely informal
agriculture-based economy to a formalized industrial and service-based economy.
While the former has resulted in dramatic increases in the average educational
attainment of the populace, the latter, while diversifying job opportunities, has
failed to fully formalize work, leaving the majority of Thailand’s workers still
engaged in informal employment.
This paper estimates the incidence of vertical education–occupation
mismatch and its associated wage premiums and penalties across formal and
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informal employment over four cohorts of workers. It adds to the existing
literature by considering the consequences of vertical mismatch in a developing
country context where the labor force is largely informal. The paper also extends
Pholphirul’s (2017) earlier work on Thailand by going beyond the mean wage
impact of vertical mismatch on wages by taking into consideration informality
and generational differences in education and early career labor market conditions.
Informal workers continue to make large contributions to the Thai economy,
thus understanding the interaction of vertical mismatch and its consequences
within formal and informal employment is important for pinpointing potential
inefficiencies in education and labor market policies and helping to develop
potential solutions.
This paper has shown that the Thai government’s education and economic
policies have led to an increase in the incidence of overeducation among younger
cohorts of workers, which is especially pronounced among informal workers.
This implies that employment opportunities in Thailand do not match with its
increasingly educated populace. Although the youngest cohort born between 1981
and 1990 is more likely to be formally employed than in previous generations,
40% of this cohort is still absorbed into informal employment, of which 41% are
classified as overeducated. Overeducated informal workers in private firms face the
highest overeducation wage penalties within the youngest birth cohort.
Dissonance between formal job development and government education
policies is an issue that policy makers in developing economies need to heed.
Thailand’s current approach to education that encourages students to complete
high levels of general education without the promise of formal employment
commensurate with their educational qualifications incurs costs to both individuals
(i.e., time costs, wage penalties, and potentially forced entry into informal
employment) and society (i.e., inefficient education spending and potential losses of
tax revenues from unregistered employees). The government may want to consider
better aligning its curriculum and degree offerings with formal job development.
At present, the Thai government is focused on increasing high-skilled job
opportunities. Thailand has introduced the “Thailand 4.0” policy, which is aimed at
advancing the development of the country through innovation (Royal Thai Embassy
2018). As part of its strategy, the government has identified 10 target industries
for development.7 One of the government’s current target industries, for example,
is automobile manufacturing. The development of vocational education aimed at
filling formal technical jobs within automobile manufacturing would (i) better target
the amount of education an individual needs to complete, thus minimizing time
and monetary costs of education and (ii) channel young workers into well-matched
formal employment. If the government is successful in moving Thailand 4.0 forward

7

Eastern Economic Corridor Office of Thailand. https://www.eeco.or.th/en/content/targeted-industries.
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and creating more high-skilled, formal employment that is commensurate with
academic credentials, vertical education–occupation mismatch and its penalties
would be expected to decline. Time will tell whether this or other government
policies to develop more formal sector high-skill jobs will help alleviate the high
incidence of informality among younger workers and allow them to earn at their
potential.
Finally, we acknowledge the limitations of the above analysis given the use of
cross-sectional data. However, given the results from previous related research using
panel data, particularly the research by Paweenawat and Vechbanyongratana (2015)
that shows overeducation occurs across the entire ability distribution in Thailand, we
believe our results are not entirely driven by the ability bias. In the future, we hope
to extend this work and better control for individual heterogeneity by using panel
data. Future work will also include an analysis by level of education, particularly
differences in penalties between vocational and general education.
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International Comparisons of Poverty
in South Asia
TM Tonmoy Islam, David Newhouse, and Monica Yanez-Pagans∗

This paper explores the methodological differences underlying the construction
of the national consumption aggregates that are used to estimate international
poverty rates for South Asian countries. The analysis draws on a regional dataset
of standardized consumption aggregates to assess the sensitivity of international
poverty rates to the items included in the national consumption aggregates.
A key feature of the standardized aggregate is that it includes the reported
value of housing rent for urban Indian homeowners. Using the standardized
consumption aggregates reduces the international poverty rate in South Asia
by 1.3 percentage points, impacting the status of about 18.5 million people.
Comparing standardized and nonstandardized monetary welfare indicators to
other nonmonetary indicators suggests that the latter are more consistent
with the standardized consumption aggregates. Overall, the results strongly
suggest that harmonizing the construction of welfare measures, particularly
the treatment of imputed rent, can meaningfully improve the accuracy of
international poverty comparisons.
Keywords: Bangladesh, consumption aggregate, imputed rent, India, poverty
measurement, South Asia
JEL codes: I32

I. Introduction

The World Bank has set an ambitious target to eradicate extreme poverty
globally by 2030. Evaluating progress toward this goal requires a solid data
infrastructure. In April 2013, the World Bank set two goals to guide its work in
the coming years—the first is to eradicate extreme poverty from the world by 2030,
while the second is to promote shared prosperity. The first goal will be achieved if
the incidence of extreme poverty falls below 3% by 2030, while the second goal
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can be attained by increasing the average welfare of those who earn at the 40th
percentile or below in each country (Jolliffe et al. 2014). To achieve the first goal, it
will be important to allocate resources to countries where extreme poverty is most
prevalent. However, poverty comparisons across countries are partly influenced by
the quirks of each country’s surveys. A thorough analysis is needed to understand
the similarities and differences of these survey data collection procedures and how
much they affect reported poverty rates.
Extreme poverty is measured using the international poverty line, currently
set at $1.9 per person per day in 2011 dollars (hereafter: international poverty
rate).1 Anyone consuming less than that amount, or earning less than that amount
in countries that use income rather than consumption as their primary welfare
measure, is assumed to be extremely poor. In addition, each country sets its own
official poverty line to assess national poverty, with the line depending on the levels
of consumption in each country. Therefore, official poverty lines and the subsequent
national poverty rates generated using these lines are not comparable across
countries (hereafter: national poverty rates). To generate international poverty
estimates, the World Bank has created an international poverty line, which is applied
consistently to all countries to monitor extreme poverty. A poverty line of $1
per day was first estimated in 1990 and has been repeatedly updated to take into
account changes in the purchasing power parity of countries (Ravallion, Chen, and
Sangraula 2009).2 The last update of the international poverty line was done in
2015, when it was raised to $1.9 per person per day according to the 2011 values of
purchasing power parity exchange rates (Ferreira et al. 2016).
Globally, the extreme poor are concentrated in sub-Saharan Africa and South
Asia. Table 1 shows the number and proportion of the extreme poor in 2013 by
global region. On average, 12.6% of the world’s population, or about one in eight
people, lives in extreme poverty. Sub-Saharan Africa and South Asia have the
highest and second-highest number and proportion of the world’s extreme poor,
respectively, with 50.7% and 33.4% of the world’s extreme poor living in these two
regions.
A recent report by the Commission on Global Poverty to improve global
poverty monitoring highlights the considerable uncertainty in global poverty
estimates. Since adopting the twin goals mentioned above, the World Bank has
devoted considerable attention to improving its measure of extreme poverty. As
1
This line was calculated in the following way: (i) the national poverty lines of 15 poor countries were
selected; (ii) those poverty lines were inflated to 2011 levels using the consumer price index (CPI) of those countries;
(iii) the inflated poverty lines were then converted to United States (US) dollars using 2011 purchasing power parity
(PPP); and (iv) those US dollar-denominated poverty lines at PPP were averaged to come up with a new poverty line,
which was close to $1.9 per person per day. The countries in the reference category are Chad, Ethiopia, the Gambia,
Ghana, Guinea-Bissau, Malawi, Mali, Mozambique, Nepal, Niger, Rwanda, Sierra Leone, Tajikistan, Tanzania, and
Uganda (Ferreira et al. 2016).
2
For more information, consult the World Bank. 1990. World Development Report 1990. https://
openknowledge.worldbank.org/bitstream/handle/10986/5973/WDR%201990%20-%20English.pdf?sequence=5.
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Table 1. International Poverty Rate at $1.9 per Day and
Number of Extreme Poor by Region, 2013

Region
East Asia and Pacific
Europe and Central Asia
Latin America and the Caribbean
Middle East and North Africa
South Asia
Sub-Saharan Africa
World average

International
Poverty Rate
(%)

Number of
Extreme Poor
(million)

3.54
2.15
5.40
na
15.09
40.99
12.55

71.02
10.30
33.59
na
256.24
388.72
766.01

na = not available.
Note: All amounts are based on 2011 purchasing power parity.
Source: Authors’ estimates based on World Bank. PovcalNet. http://iresearch.
worldbank.org/PovcalNet/povOnDemand.aspx (accessed September 15, 2017).

part of this effort, the World Bank established the Commission on Global Poverty,
chaired by Sir Anthony Atkinson, to come up with different recommendations on
how to improve the measurement and monitoring of global extreme poverty. The
commission’s report highlighted shortcomings in the global poverty measurement
infrastructure in detail and offered several suggestions on how to improve the
monitoring of global extreme poverty.
An important recommendation provided by the Commission on Global
Poverty’s report is to calculate and include the “total error” of the poverty estimates
for each country (World Bank 2016 and 2017). Specifically, Recommendation 5
suggests that poverty estimates should be based on a total error approach, evaluating
the possible sources and magnitude of error, particularly nonsampling error and
the error introduced by the process of determining the international poverty line.
There are many factors that can affect the total error of international poverty
rate estimates—such as incomplete coverage of the country’s population, errors
in measuring consumption data, errors in calculating the poverty line, use of the
consumer price index (CPI) to deflate prices in a manner that may not be consistent
with the consumption patterns of the poor, and geographic differences in prices.
Because the total error may be significant, the report recommended that the World
Bank provide a margin of error to help policy makers understand the accuracy of
the reported extreme poverty numbers. Although it would be difficult to implement,
the World Bank concluded that reporting total error with poverty estimates is one
of the report’s most important recommendations.
South Asia is a useful laboratory to study how methodological differences
in poverty measurement can contribute to total error. This is because South Asia
is home to about one-third of the world’s extreme poor, but the region consists of
only eight countries, making the analysis both significant from a global perspective
and tractable. In South Asia, all eight countries compare consumption per capita

International Comparisons of Poverty in South Asia 145

against the poverty line to identify the international extreme poverty status of an
individual.3
This paper provides new evidence from South Asia on how differences in
the construction of the welfare measure in each country contributes to total error in
international poverty measurement. To study this in detail, we look at how countries
in the region construct the consumption aggregate to assess poverty. A key source of
total error is the collection and aggregation of household-level data from different
countries. While all countries collect household data to measure poverty, there are
differences in the methodology and the content included in the survey questionnaire,
which contributes to the total error of the subsequent international poverty rate
obtained for each country. For example, the list of goods included in the surveys
is not consistent. Additionally, the steps in the methodology used to construct the
consumption aggregate vary from country to country, which then adds to the total
error of the point estimates of the international extreme poverty rate.
We examine the following three aspects of the construction of consumption
aggregates to see how each of them contributes to total error: (i) sampling
and survey design, (ii) spatial deflation and intertemporal deflation, and
(iii) construction of the nominal consumption aggregate. The core of the paper
compares poverty rates using the national consumption aggregates, which currently
form the basis for poverty measurement, to standardized consumption aggregates
that attempt to adjust for differences in the three aspects described above.
This exercise provides an assessment of the extent to which the international
poverty rates depend on methodological differences in the construction of welfare
aggregates across countries.
The remainder of this paper is organized as follows. Section II lists the
data sources and international poverty rates for the eight South Asian countries.
Section III explains the differences in sampling and design across the surveys used
to estimate poverty in these countries. Section IV analyzes how spatial deflation
accounts for cost-of-living differences and how intertemporal deflation affects
international poverty estimates. Section V assesses the differences in estimating a
national consumption aggregate across countries. Section VI examines the extent
to which the international poverty rate in each country is correlated with other
nonmonetary dimensions of well-being. Section VII concludes the paper.
II. Data and Poverty Rates

National and international poverty rates are estimated using nationally
representative household-level surveys that collect detailed food and nonfood
consumption data. Table 2 shows the household surveys that are used by the
3
This contrasts with what most countries do in Latin America and the Caribbean and in Eastern Europe and
Central Asia, which use per-income-based measures to monitor poverty rather than consumption-based ones.
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Table 2. South Asian Household-Level Surveys Used to Estimate Poverty
Country
Afghanistan
Bangladesha
Bhutan
India
Maldivesb
Nepal
Pakistan
Sri Lanka

Survey

Year

Living Conditions Survey (ALCS)
Household Income and Expenditure Survey (HIES)
Living Standards Survey (LSS)
National Sample Survey 68th Round (NSS)
Household Income and Expenditure Survey (HIES)
Living Standards Survey (LSS)
Pakistan Social and Living Standards Measurement (PSLM)
Household Income and Expenditure Survey (HIES)

2012
2010
2012
2011
2009/2010
2010
2011
2012

a

Bangladesh conducted the latest round of the HIES in 2016–2017.
Maldives conducted the latest round of the HIES in 2016, but the data were not yet available as of
October 2018.
Source: South Asia Harmonized Micro Dataset (accessed September 15, 2017).
b

Table 3. International Extreme Poverty Headcount for South Asian Countries

Country
Afghanistan
Bangladesh
Rural
Urban
Bhutan
India
Rural
Urban
Maldives
Nepal
Pakistan
Sri Lanka

Year

International
Poverty Rate
(%)

Number of
Extreme Poor
(million)

2011
2010
2010
2010
2012
2011–2012
2011–2012
2011–2012
2009
2010
2011–2012
2012–2013

na
18.51
22.70
6.70
2.17
21.56
24.84
13.38
7.25
14.89
7.93
1.92

27.49
24.89
2.60
0.01
239.10
196.70
42.39
0.02
4.20
10.26
0.38

GNI per
Capita
(2011 PPP)
$1,731.70
$2,783.56

$6,452.00
$4,594.20

$9,714.40
$2,053.40
$4,516.50
$9,121.40

GNI = gross national income, na = not available, PPP = purchasing power parity.
Sources: Authors’ estimates based on South Asia Harmonized Micro Dataset (accessed September
15, 2017); GNI per capita obtained from World Bank. World Development Indicators. https:
//datacatalog.worldbank.org/dataset/world-development-indicators (accessed September 15, 2017).

eight countries in South Asia to estimate poverty rates. Living standards vary
considerably among countries in South Asia. Table 3 lists the international extreme
poverty rates of each South Asian country, along with their gross national
income (GNI) per capita and number of extreme poor. The international extreme
poverty rate of each country has been determined by calculating the proportion of
individuals whose per capita consumption aggregate is lower than the international
poverty line. The GNI per capita for all South Asian countries is below $10,000,
ranging from about $1,700 to about $9,700. Maldives and Sri Lanka have the
highest and second-highest GNI per capita, respectively, while Afghanistan and
Nepal have the lowest and second-lowest, respectively. International extreme
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poverty rates also vary considerably in the region, largely in line with the patterns
observed for GNI per capita, except for India. In Sri Lanka and Bhutan, the
international extreme poverty rate is less than 3%. Pakistan and Maldives have an
international extreme poverty rate in the range of 7%–8%. Nepal and Bangladesh
have the highest international extreme poverty rates, ranging from 14% to 19%.
India is one of the few countries in the world for which the World Bank traditionally
reports international poverty rates by urban and rural regions; in rural and urban
areas of India, 24.8% and 13.4% of the population live below the international
extreme poverty line, respectively.4
According to official figures, the international poverty rate is the highest in
India among the eight countries in the region. India also has the largest number
of extreme poor among these countries, 239 million, which is about 28% of the
world’s extreme poor.5 By far, most of the extreme poor in India are from rural
areas. Bangladesh has the second-highest number of international extreme poor in
South Asia (27 million) and Pakistan the third highest (10 million).
India’s high rate of poverty may partly reflect methodological differences in
the way in which countries construct their national consumption aggregates. The
higher poverty rate in India compared to Bangladesh, for instance, is inconsistent
with the GNI per capita metric, which is almost $2,000 higher for India than
Bangladesh. This suggests that differences in the way in which consumption
aggregates are constructed in each country might contribute to the total error. To
study how the national consumption aggregates are constructed, we look at the latest
rounds of household surveys available for these countries.
III. Assessing Differences in Sampling and Survey Design

In this paper, we examine eight aspects of sampling and survey design that
are directly related to poverty measurement: (i) sampling design, (ii) monetary
welfare measure, (iii) food consumption questionnaire and data collection methods,
(iv) self-production and meals outside home, (v) nonfood durables, (vi) durables,
(vii) housing expenditures, and (viii) health and education expenditures.
Sampling Design

Table 4 presents a summary of the sampling design for each of the
eight countries in South Asia. With few exceptions, household-level surveys
used to measure poverty in the region are nationally representative. Afghanistan,
Bangladesh, and India do not survey all regions within the borders of their
4
The other countries for which international poverty rates are reported separately for urban and rural areas
are the People’s Republic of China (PRC) and Indonesia.
5
This proportion is calculated using PovcalNet data (accessed September 15, 2017).

Feb 2010–
Jan 2011b

55,580

0.04

59.0%
12,240

464,960
Jul 2011–
Jun 2012d

2012c

0.04

59.0%
101,662

39,825

7.01

48.5%
8,968

na

Rural: Indian
Census Villages
(2001); Urban:
Urban Frame
Survey

Nod

India

97%f
79.1%
7,180

90%e
64.3%i
1,832

Sep 2009–
Sep 2010e

11,588

2010f

34,815

0.12

National
Population
Census
(2000)

Population
and Housing
Census (2006)

3.71

Yesf

Nepal

Yese

Maldives

Jul 2010–
Jun 2011g

108,933

0.08

60.5%
16,341

na

Urban: FBS’
urban frame
(2003). Rural:
Population
Census (1998)

Yesg

Pakistan

Jul 2012–
Jun 2013h

80,534

0.40

77.4%j
20,540

81%h

Census of
Population
and Housing
(2011)

Yes

Sri Lanka

FBS = Federal Bureau of Statistics, na = not available.
a
National Risk and Vulnerability Assessment 2011–2012, Afghanistan Living Conditions Survey Report. Helmand and Khost provinces were excluded from consumption
information.
b
Statistical Division of the Ministry of Planning, 2011 Bangladesh Household Income and Expenditures Survey: Key Findings and Report.
c
Asian Development Bank, 2013 Bhutan Living Standard Survey 2012 Report.
d
All States and Union Territories except Andaman and Nicobar Islands and the remote areas of Nagaland. Indian Central Statistical Office: Note on Sample Design and Estimation
Procedure of the National Sample Survey 68th Round.
e
Malè: Sep. 2009–Jan. 2010; Atolls: Feb. 2010–Sep. 2010. Department of National Planning 2012, Household Income and Expenditures Survey 2009–2010.
f
Central Bureau of Statistics, 2011 Nepal Living Standard Survey: Highlights.
g
Statistic Division of the Government of Pakistan, Pakistan Social and Living Standards Measurement Report.
h
Sri Lanka Department of Census and Statistics, 2015 Household Income and Expenditures Survey.
i
Atolls are considered rural areas.
j
There is an additional 5% in the estate sector, which consists of tea plantations.
Source: Authors’ estimates based on South Asia Harmonized Micro Dataset (accessed September 15, 2017).

Apr 2011–
Aug 2012(1)

Reference period
(survey)

0.64

Sampling ratio

159,224

86.5%
20,828

Rural household
sample size

Individual sample
size

89%

Response rate

Urban: 92%
Rural: 97%c

Population
and Housing
Census (2005)

Population
and Housing
Census (2001)

Precensus
household listing,
conducted
between 2003 and
2005

Sampling frame

na

Yesc

Yesb

Yesa

Bhutan

Bangladesh

Afghanistan

Nationally
representative?

Table 4. Summary of Sampling Designs in Household-Level Surveys Used to Measure Poverty
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respective countries. In 2011–2012, Afghanistan excluded the provinces of
Helmand and Khost from the survey for poverty measurement.6 These two
provinces had an estimated population of 864,600 (Helmand) and 537,800 (Khost)
in 2012 (Government of Afghanistan, Central Statistics Organization 2017). The
total population of Afghanistan in 2012 was about 24.8 million, so these two
provinces combined represented around 5.7% of the population. Bangladesh did
not traditionally include the slum population as part of the sampling frame for the
Household Income and Expenditure Survey (HIES) until 2016–2017. According
to the 2012 Bangladesh Bureau of Statistics’ Census of Slum Areas and Floating
Population, the slum population was about 2.22 million, which corresponds to
5.5% of the total population in urban areas (Government of Bangladesh, Bureau of
Statistics 2012).7 The 68th round of the National Sample Survey (NSS) from India
excluded from its sampling frame the remote areas of Nagaland and Andaman and
Nicobar Islands. The population of Andaman and Nicobar Islands is 0.38 million,
while that of Nagaland is 1.98 million. Given that India had a population of 1,247
million in 2011, the share of the total population excluded from the survey was just
0.2%.
Sample sizes vary widely across household-level surveys used to measure
poverty. Maldives surveys about 1,800 households, while India surveys over
100,000. The range of individuals covered by these household surveys varies from
11,500 in Maldives to over 464,000 in India. This translates to a wide span of
sampling ratios—from 0.04% in Bangladesh to 7% in Bhutan.
Monetary Welfare Measure

Countries in the region use broadly similar methods to measure per capita
consumption aggregates. All countries in South Asia use consumption rather than
income to measure poverty. To estimate international poverty, total household
consumption is divided by the number of individuals in the household to get a per
capita estimate. This matches the methodology used by all countries in the region to
estimate national per capita consumption aggregates, except for Pakistan. Pakistan
uses per capita equivalence scales when measuring national poverty rates, though
its international poverty rate is calculated using a simple per capita consumption
aggregate metric.

6
The provinces of Helmand and Khost were included in the household survey, but these are not used to
estimate poverty as there are issues with consumption data quality in these two provinces.
7
There is a longstanding debate in Bangladesh about the size of the slum population. The Census and
Mapping of Slums collected by the Center for Urban Studies in 2009 estimated that 35.2% of the urban population in
Bangladesh lived in slums, while the UN-Habitat Global Report on Human Settlements released in 2013 estimated
the proportion of urban slum dwellers in 2009 at 61.6%.
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Food Consumption Questionnaire and Data Collection Methods

The questionnaire design methodologies for recording the data vary
considerably across countries in the region. A comprehensive study analyzing
survey questionnaires from 100 low- and middle-income countries noted the large
variation in the way surveys are designed in each country (Smith, Dupriez, and
Troubat 2014). This variation is also apparent across the South Asian household
survey questionnaires. Table 5 lists the contents of the questionnaires from South
Asian countries, which show significant differences in the way food consumption
data are collected.
An important source of differences is the number of food items in the
consumption questionnaire. Surveys with more food items listed tend to elicit
higher levels of consumption, which lowers the reported poverty rate (Lanjouw
and Lanjouw 2001). Pakistan has the lowest number of food items listed in the
survey at 69, while Sri Lanka has the highest at 227. Afghanistan, Maldives, Nepal,
and Pakistan all have fewer than 100 food items listed in their survey, while India,
Bangladesh, and Bhutan have 143, 141, and 130 items listed, respectively. Similarly,
there is a large variation in the number of nonfood items listed in these surveys.
Among nonfood expenditures, Nepal asks its respondents to recall only 95 items,
Pakistan and Sri Lanka ask for 99 and 97 items, respectively, while Maldives lists
483 nonfood items for households to recall. India, Bangladesh, and Bhutan ask
their households to recall whether they consumed 338, 221, and 122 nonfood items,
respectively.
The collection of consumption data also varies from country to country.
Consumption data are generally collected using two methods: (i) diary, where
the household records all consumption data over a certain period in a notebook;
or (ii) recall, where the household lists what they consumed over the past few
days from memory. While the diary may seem to be a better method, in practice,
interviewers often assist in completing the diary, effectively blurring the line
between the two methods (Beegle et al. 2012). Sri Lanka uses both the diary and
recall methods to collect consumption data, Maldives uses diary for all items, while
other countries use recall to collect the data.
The length of consumption recall is another source of differences.
Respondents are asked to recall their food consumption for the day, last week, last 2
weeks, and last month. For food items, Bangladeshi enumerators spend 2 weeks in
the primary sampling unit, visiting each household seven times in a 2-week period.
During each visit, the household is asked about their food consumption in the past 2
days, so this covers a total of 14 days of food consumption. In addition, information
about spice consumption in Bangladesh is collected once a week during those 2
weeks. Bhutan asks the respondents to recall the last week, last month, and last year
of food consumption. India and Maldives ask the households to recall food items
consumed in the last month. Nepal asks for 1 week to 1 month of recall depending

Yes

38

1 and 12
months

Food quantities available

Nonfood expenditures (No.
of items)

Reference period (Nonfood
expenditures)

1, 3, and 12
months

221

Yes

Daily and
weekly (for 2
weeks)

Recall

141

Bangladesh

1 and 12
months

122

Yes

7 days, 1
month, and 1
year

Recall

130

Bhutan

1 and 12
months

338

Yes

1 month

Recall

143

India

COICOP = classification of individual consumption according to purpose.
a
This includes six liquor and tobacco COICOP codes among food expenditures.
b
Units of measure are specified in the questionnaire but not in the datasets.
c
Tobacco and drugs excluded.
Source: Authors’ estimates based on South Asia Harmonized Micro Dataset (accessed September 15, 2017).

Daily and 7
days

Recall

91

Afghanistan

Reference period (Food
consumption)

Diary versus recall

Food expenditures (No. of
items)

1 and 12
months

483

Yes

1 month

Diary

92

Maldives

Recall

74

Nepal

1 and 12
months

95

Yes

1 week per
typical month

Table 5. Summary of the Consumption Questionnaire Design

1 and 12
months

99

Yes

2 weeks per
month

Recall

69

Pakistan

1, 6, and 12
months

97c

Yesb

1 week

Diary and
recall

227a

Sri Lanka
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on the item, and Pakistan asks for between 2 weeks and 1 month of recall. Lastly,
in Sri Lanka, enumerators visit the household three times during a week and ask
for information about food consumption through a diary, while the information on
nonfood items is collected by recall. When it comes to nonfood items, the length of
recall is 1 month and 12 months for Afghanistan, Bhutan, India, Maldives, Nepal,
and Pakistan. Bangladesh asks respondents to recall the last 1, 3, and 12 months of
nonfood consumption, while Sri Lanka asks for the last 1, 6, and 12 months.
Recall length has a large effect on the magnitude of the national consumption
aggregates. For example, when India changed the length of recall of consumption
goods from 30 days to 7 days, consumption numbers reported by households went
up, and poverty rates fell by half (Deaton 2005). This simple change in the method
of collecting data “lifted” 175 million Indians out of poverty. Similarly, Beegle et al.
(2012) found that changing the recall period from 1 week to 2 weeks in Tanzania,
while holding other things equal, increased the poverty rate from 55% to 63%.
Joliffe (2001) and Gibson, Huang, and Rozelle (2001) also show that poverty and
inequality measures are significantly sensitive to the income recall period.8
Self-Production and Meals Outside Home

Another difference in the construction of the national consumption
aggregates is the treatment of miscellaneous consumption items like self-production
and meals bought from outside. Besides food expenditures, there are generally
several other categories of expenditures included in the national consumption
aggregates. Table 6 summarizes the other food and nonfood items that South Asian
countries include as part of the construction of the national consumption aggregates.
All countries include self-production in the national consumption aggregate,
but the questionnaire design to extract information on home production varies
across countries. Most countries ask separate questions about the value of home
production and the value of either market or total consumption for each item. In
Afghanistan, Bangladesh, and Maldives, however, households are only asked about
the value of total item consumption and are asked to identify whether the primary
mode of acquisition was through the market or home production.
With respect to food away from home, Bangladesh, Pakistan, and Sri Lanka
do not include food or meals bought from outside the household as part of the
national consumption aggregate, but other countries do. In Maldives, the survey
asks the quantity of and expenditure on meals bought outside the household, while
Nepal asks how many months in the past year the household purchased food from
outside and the total estimated amount spent on it. Bhutan asks the number of times
the members eat out in a month, number of those meals they pay for, and average
8
For a general discussion of the issue and policy recommendation on questionnaire design, see also
Browning, Crossley, and Weber (2003) and Gibson (2006).

Yes
Yesi
Yes
Yes

Yes
Yes
Yes
No
Yes

Weddings,
Occasional
celebrations, expenditures,
donations,
income tax,
talisman, and
interest
other
charges, and
miscellaneous
insurance
expenditures

85
26
Yesh

193
10
Yesh

Agricultural
input, tax
and
insurance,
and other

Yes
Yes

Yes
Yesi

Yesb
Yesd

Bhutan

Yesa
Noc

Bangladesh

Yesa
Yes

Afghanistan

None

Yes
Yes

Yes
No

286
0
Yesh

Yes
Yese

India

No
Yes

Yes
Yesj

62
35
Yes

Yes
Yesg

Nepal

Yes
Yes

Yes
Yesi

74
31
No

Yes
No

Pakistan

Yes
Yes

Yes
Yesi

47
35
Yesh

Yes
No

Sri Lanka

Occasional
Occasional
Occasional Occasional
expenditure,
expensesk expenditures, expenditures,
durables, tax, tax, insurance,
durables, rent,
and annual
and
mortgage, and
itemsl
contributions
loan
funds,
brokerage
durables
services

Yes
Yes

No
No

401
28
No

Noa
Yesf

Maldives

COICOP = classification of individual consumption according to purpose.
a
Total consumption, including self-production, is reported in one question per item. In other countries, market and self-production are reported separately for each item.
b
Self-production is also accounted for among nonfood items (Block 10 of the questionnaire).
c
Questionnaire: Section 9A2 item 14.
d
Questionnaire: Variables at the end of Block 8.
e
Questionnaire: Block 12, served processed food and packaged processed food.
f
COICOP: 1111.
g
Section 5: COICOP 131.
h
No consumption flow estimated, expenditure items included at purchase price.
i
Questionnaire reports market equivalent values.
j
Questionnaire reports market equivalent values; outliers and missing imputed using prediction from hedonic regressions.
k
Some of the infrequent expenses have been kept, most notably legal expenses and insurance.
l
Annual license fees (e.g., television, videocassette recorder, and dish antenna); annual license fee for arms.
Source: Authors’ estimates based on South Asia Harmonized Micro Dataset (accessed September 15, 2017).

Food expenditures
Is self-production accounted for?a
Are meals outside the household
accounted for?
Nonfood expenditures
Number of items included
Number of items excluded
Are consumer durables accounted for?
Housing
Actual rent included?
Imputed rent included?
Health and education
Health expenditures?
Education expenditures?
Others
Main items excluded

Table 6. Summary of Other Food and Nonfood Items Included in the National Consumption Aggregates
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price of each meal. On the other hand, India includes the number of meals each
member of the household consumes per month away from home and the price of
cooked meals purchased during the past 30 days.
Accounting for meals eaten outside of the household can have huge
implications on poverty rates. A study from Peru showed that including the
consumption of food eaten outside the home raises the extreme poverty rate by
18% (Farhan, Genoni, and Vakis 2015). Furthermore, most household surveys lack
proper data collection methods for food eaten outside the home. In a recent analysis
of household surveys globally, 90% of the surveys asked about food eaten away
from home, but few had any additional follow-up questions (Smith, Dupriez, and
Troubat 2014). Only 23% of the surveys in the study collected expenditure data
on food eaten away from home, and 17% collected data on meals eaten outside
the home at the individual level. This becomes an increasingly significant issue as
countries develop and a larger share of food is consumed outside the home.
Nonfood, Nondurable Items

Most countries include nonfood, nondurable items, but the number of items
included varies from country to country. Sri Lanka includes just 47 items, while
Bhutan, Nepal, and Pakistan include between 60 and 85 items. On the other hand,
Bangladesh and India include over 190 items, and Maldives lists 401 items.
Consumer Durables

When it comes to consumer durable goods, Maldives and Pakistan do not
include them in the consumption aggregate, but the rest of the countries do. In
Afghanistan and Nepal, the monthly value of the consumption of durables is
imputed, following recommended practice (Deaton and Zaidi 2002). In Bangladesh,
Bhutan, India, and Sri Lanka, however, only the previous year’s expenditures on
consumer durables are included.
Housing Expenditures

All countries in South Asia include actual rent for urban and rural areas,
except for India and Maldives, which do not include imputed rent for homeowners.
However, Deaton and Zaidi (2002), in their comprehensive study about how
to construct consumption aggregates, recommended including imputed rent for
homeowners in their consumption aggregate and only excluding it in extreme cases.
The India NSS asks urban homeowners, but not rural homeowners, to estimate rent.
Although the NSS collects imputed rent from urban dwellers, this is not included in
the consumption aggregate of urban dwellers.
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Health and Education Expenditures

All countries except for Afghanistan and Nepal have an estimate of health
expenditures included in the national consumption aggregate. All countries include
education expenditures in their national aggregate.
IV. Spatial Deflation to Account for Cost-of-Living Differences
and Intertemporal Deflation
Spatial Deflation of National Consumption Aggregates
to Account for Cost-of-Living Differences

Spatial deflation is an important requirement to properly assess the number
of poor by adjusting for cost-of-living differences across geographical areas so that
poverty is not overstated in low-cost areas. For example, prices are generally higher
in urban areas compared to rural areas, meaning that an urban household would
need to spend more to maintain the same standard of living as that of a rural
household. Failing to adjust for cost-of-living differences overestimates poverty in
rural areas and underestimates it in urban areas. Empirically, many studies have
shown the importance of using regional price indexes. For example, Hill and Syed
(2015) show that using urban–rural price differentials reduces the gross domestic
product estimate of the People’s Republic of China (PRC), and Weinand and von
Auer (2020) show a wide dispersion of prices in different regions of Germany.
However, it could be difficult to collect regional prices for all goods and
services. To circumvent this issue, some research have promoted the use of the
Engel curve approach to deflate expenditures across regions and time instead of
using the national CPI to deflate prices, leading to a more accurate spatial deflator.9
For example, Almas and Johnsen (2012) showed that using regional price indexes to
deflate expenditures in the PRC resulted in a modest reduction in national poverty
over time and a larger increase in inequality. They also found that using the regional
price deflator understates the fall in the $1 per day poverty measurement in rural
areas compared to using CPI as a price deflator, but not the $2 per day poverty
measurement. Using the Engel curve to deflate prices in India would overstate the
national poverty rate in that country by about 4 percentage points in both rural and
urban areas (Almas, Kjelsrud, and Somanathan 2019). However, the Engel curve
approach is not foolproof; the example of Viet Nam shows that it is not a good
9
The Engel curve approach states that expenditure on food as a proportion to total income should fall as
incomes rise. That is, if in two similar households the proportion of income spent on food is the same, then their real
incomes must be equal. Using this approach, the regional price indexes are estimated using household food shares as
the dependent variable, and demographic controls, income, and regional dummies as regressors. The coefficients of
the regional dummies give regional price indexes.
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proxy of price indexes that are constructed from actual regional prices (Gibson, Le,
and Kim 2017; Gibson and Le 2018).
The other issue is whether housing costs should be included in spatial
cost-of-living adjustments and how to incorporate the rental value of owneroccupied housing. Almas and Johnsen (2012) use 8% of housing value as a proxy
for rent and adjust for housing debt and subsidies to obtain the true cost of housing.
They find that including imputed rent into a spatial deflator reduced rural poverty
rates in 1995 compared to using spatial deflators without imputed rent. However,
rural poverty rates in 2002 and urban poverty rates in both 1995 and 2002 were
virtually the same regardless of whether the spatial deflator had imputed rental
values or not. Gibson, Le, and Kim (2017) used a hedonic price model to estimate
rental values and found that including the imputed rental values has a marginal
effect on the spatial price indexes.
International poverty rates in the region in most cases are based on welfare
aggregates that are not spatially deflated. While all South Asian countries carry
out spatial deflation when calculating their national poverty estimates, the World
Bank currently only spatially deflates the welfare measures in Bhutan and Nepal
when calculating international extreme poverty rates. Bhutan uses a survey-based
price index to deflate prices. In this case, the spatial price indexes are derived
using information from the survey. Similarly, Bangladesh and Nepal use an implicit
spatial price index to deflate prices, which is constructed using region-specific
poverty lines to determine the cost-of-living differences (Deaton and Muellbauer
1980).10
Table 7 shows the international poverty rates using the nominal and spatially
deflated national consumption aggregates. Overall, the absence of spatial deflation
in calculating extreme poverty rates might have a minor effect on the estimation
of country-level international poverty rates, but it can have substantial impacts
on international poverty measurement across regions and within countries. In all
South Asian countries except for Nepal, the impact of spatial deflation is nontrivial.
Without spatial deflation, urban areas have less poverty and rural areas have more
poverty. For example, spatial deflation causes Nepal’s urban poverty rate to be 4.3
percentage points higher and rural poverty rate to be 7.1 percentage points lower,
compared with their respective nominal rates. If Bangladesh spatially deflated its
consumption aggregates, then it would see an urban extreme poverty rate 3.3
percentage points higher and a rural extreme poverty rate 4.7 percentage points
lower.
10
As an illustrative example, consider a country with two regions. The poverty line in a region can be
interpreted as the cost of achieving a reference utility level in that region. The ratio between the poverty lines in
two regions can be interpreted as a true-cost-of-living index—that is, a spatial price index. Thus, the ratio between
the regional poverty lines gives the cost of achieving the reference utility level in region 1 relative to region 2. This
method makes strong assumptions including that the unobserved reference utility level underlying the poverty lines
is constant across regions.
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Table 7. International Extreme Poverty Rate in Urban and Rural Areas, With and
Without Spatial Deflation
International Poverty
Rate (%)

Bangladesh
Bhutan
India
Maldives
Nepal
Pakistana
Sri Lanka

Urban international
Poverty Rate (%)

Rural International
Poverty Rate (%)

Nominal

Spatially
Deflated

Nominal

Spatially
Deflated

Nominal

Spatially
Deflated

18.5
2.2
21.6
7.3
20.0
8.3
1.9

16.0
2.2
19.4
7.3
14.9
7.0
1.7

6.7
0.21
13.4
3.9
4.7
2.8
0.3

10.0
0.2
26.4
5.8
9.0
3.1
0.4

22.8
3.4
24.8
10.2
23.4
10.7
2.3

18.1
3.1
16.5
9.2
16.3
9.0
2.0

a

Pakistan’s values are from 2010.
Source: Authors’ estimates based on South Asia Harmonized Micro Dataset (accessed September 15, 2017).

Therefore, following Gibson, Le, and Kim (2017), it would be beneficial to
collect regional price data for different durable and nondurable goods, and services.
The rental cost of housing should also be collected regionally to impute the rental
rate of owner-occupied housing, following Weinand and von Auer (2019), who
show that housing cost is a major driver of cost-of-living variation. While the
household expenditure surveys collect consumption amounts and total expenditures
for each food and nonfood item at the household level, the market prices of the items
are not generally collected. Thus, to get a better estimate of regional price deflators,
statistical agencies need to incorporate the collection of market prices of different
items in the household surveys.
Intertemporal Deflation

As the survey year may not align with the year the $1.9 international
poverty line was estimated (2011), the international poverty line might need to be
intertemporally deflated before it is applied to the national consumption aggregates
of some countries. To do so, the international poverty line set in 2011 dollars
is converted to local currency using the 2011 purchasing power parity (PPP)
conversion factor. This number is then intertemporally deflated to the year the
survey was undertaken, usually using the respective CPI of each country.
Table 8 lists the country-level CPI and PPP that are used to intertemporally
deflate the international poverty line to local currency units. For example, to
calculate the international poverty line expressed in Bangladeshi takas for the year
2010 so that it can be applied to the 2010 HIES, we do the following. First, the
2011 PPP for Bangladesh (24.85) is multiplied by the international poverty line
($1.9), and this is then deflated using the intertemporal deflator (0.9). Thus, the
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Table 8. Intertemporal Deflators
Country
Afghanistana
Bangladesh
Bhutan
India
Rural
Urban
Maldives
Nepal
Pakistan
Sri Lanka

Year

2011 PPP

Intertemporal Deflator

2012
2010
2012
2011–2012
2011–2012
2011–2012
2009
2010
2011–2012
2012–2013

na
24.85
16.96
13.78
12.91
15.69
10.68
25.76
25.41
42.22

na
0.90
1.11
1.04
1.03
1.04
0.87
0.93
1.05
1.11

na = not available, PPP = purchasing power parity.
a
Afghanistan is not included in PovcalNet because it lacks a PPP deflator, and
the government is not comfortable using a regression-based PPP.
Note: All countries use the consumer price index except for Bangladesh, which
uses the Basic Need Price Index.
Source: Authors’ estimates based on South Asia Harmonized Micro Dataset
(accessed September 15, 2017).

daily international poverty line expressed in local currency comes out to be: 1.9 ×
24.85 × 0.9 = 42.65 takas.
All countries in South Asia except for Afghanistan and Bangladesh use the
CPI to deflate the international poverty line. Bangladesh uses the Basic Need Price
Index that is constructed based on Bangladesh’s population-weighted upper poverty
lines to measure changes in the cost of basic needs. This methodological approach
was adopted for Bangladesh because Gimenez and Jolliffe (2014) argued that the
weights used to construct the CPI are not representative of the consumption pattern
of the poor. This view aligns with Recommendation No. 9 of the World Bank’s
(2017) report on Monitoring Global Poverty, which specifies that countries should
consider using a price index for the poor. It is also consistent with the belief that
price changes implied by the Bangladesh survey data are closer to changes in the
poverty line than the CPI.
While the CPI shows how the expenditure to purchase a specific bundle
of goods consumed by the average consumer changes nationally, there are a few
problems with using the CPI as a deflator for poverty measurement: (i) unit-value
changes of some consumption items can vary from the CPI for this item; (ii) the
CPI measures how price changes nationally and not by region, so it does not reflect
price changes of specific regions of the country; or more importantly, it may not
accurately identify the poor in regions with high levels of deprivation; and (iii) the
goods in the poor’s basket may not align well with the CPI basket, as the extremely
poor may consume items that are different from that of a typical consumer. This last
point is validated by Dupriez (2007) and Deaton and Dupriez (2009, 2011), who
document that the expenditure patterns of poor households are different from the
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pattern observed in the System of National Accounts.11 One limitation of our study
is that we do not have access to satisfactory country-level price deflators that reflect
the consumption bundle of the poor (because most governments do not produce
such data), so we have to rely on the country-level price deflators instead to deflate
the consumption expenditures. However, a recent study by Deaton and Dupriez
(2011) investigating how sensitive world poverty numbers are to different deflators
(i.e., PPP exchange rates and poverty-weighted PPPs) finds that the worldwide
international poverty numbers are not very sensitive to the choice of the deflator.12
Deaton and Dupriez (2011) and Castañeda et al. (2016) show that subnational
spatial deflation is not the main factor in explaining cross-country differences in
poverty in South Asia. In fact, whether or not one spatially deflates aggregates
having only minor effects on national poverty rates in South Asia gives our poverty
exercise practical validity.13
This section has shown that there are many sources that can substantially
contribute to the total error of poverty estimates and influence international poverty
comparisons. The comparison of survey design and sampling methodologies shows
that differences in data collection methods across countries are relatively minor.
The main source of total error involves differences in how consumption is collected
and aggregated at the household level, particularly the way in which countries treat
actual and imputed rent. In addition, the use of poverty lines to deflate intertemporal
prices instead of the CPI can also contribute to total error in the international
poverty rate estimates in the case of Bangladesh.
V. Assessing Differences in Estimating National Consumption Aggregates
Standardized versus National Consumption Aggregates

Because of the wide variation in the way consumption data are collected by
each country, the World Bank developed a standardized dataset of consumption
aggregates.14 The standardization of the consumption aggregates was constructed
by reclassifying expenditure items into the categories adopted by the International
Comparison Program—which has 110 basic headings, 91 classes, 43 groups, and 13
categories—and designing strict data cleaning procedures to ensure consistency in
11
Sen (1979) offers a thorough review of the pitfalls of using different price deflators (Laspyeres and Paasche
Indexes) to obtain real income for welfare analysis.
12
The paper measures the PPP exchange rates and the poverty-weighted PPPs using the Fisher Ideal Index,
which is the geometric mean of the Laspeyres and Paasche Indexes, as well as the Tȍrnqvist Index and the weighted
country-product-dummy index.
13
We also acknowledge if we are not measuring national poverty rates and instead focus on analyzing
subnational poverty rates, then a local price deflator would be more appropriate.
14
As mentioned previously, we use the term national consumption aggregates to refer to the consumption
aggregates created by the statistical offices of the respective countries, while the standardized consumption aggregates
refer to the consumption aggregates obtained from the standardized consumption datasets created by the World Bank.
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the standardization.15 However, this standardization has limitations (Dupriez 2007).
Although consumption aggregates are standardized in the sense that they use a
common data dictionary, the method of data collection and questionnaire designs
affect the standardization directly and cannot be addressed.
Table 9 shows the average per capita consumption using both the
standardized and national consumption aggregates.16 The table shows that, for the
most part, there is not a large difference in expenditure per capita between the two
aggregates. One exception is housing expenditure in urban India. Using the national
consumption aggregates, imputed rent amounts to $0.7 per day (2011 PPP), but
when imputed rents for homeowners are included in the standardized consumption
aggregate, the housing expenditure jumps to $1.6 (2011 PPP). The standardization
of the consumption aggregates decreases housing expenditure in Bhutan and Sri
Lanka. Sri Lanka also sees a fall in food and nonfood (nondurable) expenditures
due to the standardization process.
Table 10 shows the budget shares for each category of goods and services
using both the standardized and national consumption aggregates. Maldivian
households only spend 37% of consumption expenditures on food, on average,
and 53% on nonfood nondurables.17 Households in the remaining countries spend
between 44% and 59% of their consumption expenditures on food and somewhere
between 18% and 29% on nonfood nondurables. Except for India, all South
Asian countries spend around 10% of their consumption expenditures on health,
education, and durable goods combined, with India spending at a slightly higher
rate of 12%. Housing, which includes rent, imputed rent (if included in the national
consumption aggregate), and expenditures on utilities range widely from a low of
6% in Nepal to a high of 33% in Maldives.
Within India, rural households spend 8 percentage points more on food,
reflecting lower levels of well-being in rural India. There is some difference between
housing expenditures: while rural Indian households report spending an average of
12% of their budget on housing, urban Indian households spend an average of 16%
(excluding imputed rent). This implies that much of the difference in poverty rates
between rural India and the rest of South Asia is driven by the lack of housing
expenditure (imputed rent) data in the national consumption aggregate for rural
India.
15
A detailed description of the standardization of the consumption aggregates in South Asia is available in
Dupriez (2007).
16
In Table 9 and subsequent tables, we use the Uniform Reference Period (URP), which collects expenditure
data on all goods over a 30-day period. India also reports the Mixed Reference Period, in which food expenditures
are collected in 7- and 30-day periods, and other nonfood consumption is collected over a 365-day period (World
Bank 2018). The World Bank currently uses the URP method of collecting expenditure data to measure consumption
expenditures. Thus, we use the URP method here to determine household-level consumption. However, from 2020
onward, the World Bank will use the Modified Mixed Reference Period, where expenditures will be collected over a
recall of 7-, 30-, and 365-day periods, depending on the category of the good (World Bank 2018).
17
These are plutocratic rather than democratic shares.

Rural
2010

2.5
2.2
0.3
0.1
0.4
1.3
6.7

2.2
1.0
0.1
0.3
0.1
0.9
4.6

1.5
1.1
0.2
0.1
0.1
0.7
3.7

1.6
1.0
0.3
0.2
0.5
0.4
4.1

All
2011–2012

India

1.5
0.9
0.2
0.1
0.1
0.3
3.0

1.5
0.8
0.2
0.1
0.4
0.3
3.5

Rural
2011–2012

1.7
1.5
0.2
0.2
0.2
1.6
5.4

1.9
1.4
0.3
0.4
0.7
0.7
5.6

Urban
2011–2012

1.7
2.1
0.5
0.2
0.9
1.8
7.1

1.6
7.4

1.8
3.3
0.5
0.2

Maldives
2009

2.0
0.9
0.4
0.2
0.5
0.3
4.2

0.2
0.3
0.3
4.3

2.0
1.5

Nepal
2010

Notes: All amounts are based on 2011 purchasing power parity. India’s consumption aggregates reported are based on the Uniform Recall Period.
Source: Authors’ estimates based on South Asia Harmonized Micro Dataset (accessed September 15, 2017).

2.5
2.5
0.5
0.2
0.1
1.7
7.5

Bhutan
2012

2.4
1.1
0.2
0.5
0.1
1.0
5.2

Urban
2010

Bangladesh

National consumption aggregates
Food
1.9
1.8
Nonfood nondurables
0.8
0.7
Health
0.1
0.1
Education
0.3
0.2
Durable goods
0.1
0.1
Housing
0.6
0.4
Total
3.7
3.1
Standardized consumption aggregates
Food
1.8
1.6
Nonfood nondurables
0.7
0.6
Health
0.1
0.1
Education
0.2
0.1
Durable goods
0.1
0.0
Housing
0.5
0.4
Total
3.3
2.9

All
2010

Table 9. Average Daily per Capita Expenditure by Category of Goods and Services ($)

1.8
1.0
0.1
0.2
0.1
0.8
4.0

0.9
4.0

2.0
0.9
0.1
0.1

Pakistan
2011–2012

2.7
1.6
0.3
0.3
0.3
1.1
6.0

3.2
2.9
0.3
0.3
0.2
2.0
8.8

Sri Lanka
2012–2013
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52
20
3
8
2
19
100

59
20
3
5
2
13
100

44
30
3
2
3
19
100

45
28
4
3
<1
19
100

Bhutan
2012

46
28
5
2
2
17
100

51
25
5
4
3
13
100

All
2011–2012

51
28
5
2
2
12
100

54
24
6
2
3
12
100

Rural

India

Notes: India’s consumption aggregates reported are based on the Uniform Recall Period.
Source: Authors’ estimates based on South Asia Harmonized Micro Dataset (accessed September 15, 2017).

53
20
3
8
1
18
100

Urban
2010

61
19
4
4
1
13
100

Rural
2010

Bangladesh

National consumption expenditure
Food
58
Nonfood nondurables
19
Health
4
Education
5
Durable goods
1
Housing
14
Total
100
Standardized consumption aggregate
Food
57
Nonfood nondurables
20
Health
3
Education
6
Durable goods
2
Housing
14
Total
100

All
2010

34
28
4
3
2
29
100

46
27
5
4
3
16
100

Urban

29
28
7
3
12
21
100

37
53
7
3
0
33
100

Maldives
2009

Table 10. Budget Shares by Category of Goods and Services (%)

53
20
9
4
7
8
100

57
27
0
5
4
6
100

Nepal
2010

48
23
3
3
2
21
100

52
21
3
2
0
21
100

Pakistan
2011–2012

50
24
5
5
3
18
100

45
25
2
2
1
22
100

Sri Lanka
2012–2013
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Table 11. International Extreme Poverty Rate in South Asia Using the
Standardized and National Consumption Aggregates

Year
Bangladesh
Rural
Urban
Bhutan
India
Rural
Urban
Maldives
Nepal
Pakistan
Sri Lanka
South Asia

2010
2010
2010
2012
2011–2012
2011–2012
2011–2012
2009
2010
2011–2012
2012–2013

Standardized
Consumption
Aggregates
(1)

National
Consumption
Aggregates
(2)

Difference
(1) − (2)
(3)

19.44
23.86
7.01
3.49
19.61
24.20
8.13
6.10
14.51
9.24
2.06
18.31

18.52
22.74
6.67
2.17
21.56
24.83
13.38
7.25
14.89
7.93
1.92
19.60

0.92
1.12
0.34
1.32
–1.95
–0.63
–5.25
–1.14
–0.38
1.31
0.14
−1.29

Notes: India’s consumption aggregates reported are based on the Uniform Recall Period.
Source: Authors’ estimates based on South Asia Harmonized Micro Dataset (accessed September
15, 2017).

Standardization leads to a slight change in food expenditures in all countries.
With nonfood nondurables, standardization slightly increases the share of nonfood
nondurables in Bangladesh, Bhutan, India, and Pakistan, but decreases the share
in other countries. Standardization does not affect health care expenditures, and
the proportion of housing expenditure changes little with standardization. However,
Indian housing expenditures are much higher than those in the national consumption
aggregate; this is driven mainly by the inclusion of imputed rent among urban
households. To study this point further, we reproduce Table 8 and Table 9, but only
for the poor in each country. The reproduced tables, which are presented in the
Appendix as Table A.1 and Table A.2, respectively, show that much of the increase
in consumption expenditures among the poor in urban India is driven by imputed
rent.
While standardization of consumption aggregates does not affect the
international poverty rankings for most countries, it has a significant effect
on the poverty numbers for India. Table 11 shows the international extreme
poverty rates calculated using national consumption aggregates and standardized
consumption aggregates. In some cases, standardization increases the poverty rate,
like in Bangladesh, Bhutan, Pakistan, and Sri Lanka. However, in the cases of
India, Maldives, and Nepal, the standardization process decreases the international
extreme poverty rate.
For the most part, the standardization process preserves the poverty rankings.
When we use the national consumption aggregates to estimate the international
extreme poverty rate, Sri Lanka has the lowest proportion of individuals classified
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Figure 1. Sensitivity of the International Extreme Poverty Rate When National and
Standardized Consumption Aggregates Are Used to Measure Poverty

BAN = Bangladesh, BHU = Bhutan, IND = India, MLD = Maldives, NEP = Nepal, PAK = Pakistan, PPP =
purchasing power parity, SRI = Sri Lanka.
Note: The vertical line shows where the international poverty line lies.
Source: Authors’ estimates based on South Asia Harmonized Micro Dataset (accessed September 15, 2017).

as extremely poor, followed by Bhutan, Maldives, Pakistan, Nepal, Bangladesh, and
India. However, when we use the standardized consumption aggregates to do the
same exercise, Bangladesh and India have virtually the same extreme poverty rate,
whereas the extreme poverty rate is 3 percentage points higher in India when using
the national aggregates. The international extreme poverty rate for South Asia as a
region also falls by 1.3 percentage points, when using the standardized consumption
aggregates, from 19.6% to 18.3%.
Figure 1 shows how standardization affects the distribution of per capita
consumption in each South Asian country. For India, standardization has a
significant impact on the distribution of the consumption aggregates, with the
distribution shifting to the right and away from the $1.9 poverty line. On the other
hand, it has a smaller impact on the distribution of consumption aggregates in
Bangladesh and Pakistan, shifting them very slightly to the left. This reinforces the
observed decline in India’s poverty rates when using the standardized aggregates
and the small increases in poverty rates for Bangladesh and Pakistan.
Using the standardized national consumption aggregates significantly
reduces the number of poor in India and the region. Table 12 presents the estimates
of the number of international extreme poor in each country using the national
consumption aggregates and the standardized consumption aggregates.
Standardization of the consumption aggregates would reduce the
international extreme poverty rate in South Asia by 1.3 percentage points, or
around 18.5 million people, with India witnessing a reduction of about 22 million.
Other countries, like Bangladesh and Pakistan would see a large increase in their
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Table 12. Number of Extreme Poor Using Standardized and National
Consumption Aggregates
Number of Extreme Poor
(million)

Country
Afghanistan
Bangladesh
Rural
Urban
Bhutan
India1
Rural
Urban
Maldives
Nepal
Pakistan
Sri Lanka
Total

Year
2012
2010
2010
2010
2012
2011–2012
2011–2012
2011–2012
2009
2010
2010–2011
2012–2013

Standardized
Consumption
Aggregates
(1)

National
Consumption
Aggregates
(2)

Difference
(1) − (2)
(3)

na
28.87
26.12
2.74
0.02
217.52
191.75
25.76
0.02
4.09
11.96
0.43
262.91

na
27.49
24.89
2.60
0.01
239.10
196.70
42.40
0.02
4.20
10.26
0.38
281.47

na
1.37
1.23
0.13
0.01
−21.58
−4.95
−16.64
<0.00
−0.11
1.69
0.05
−18.55

na = not available.
Sources: Population numbers obtained from World Bank. PovcalNet. http://iresearch.worldbank.org/
PovcalNet/povOnDemand.aspx (accessed September 25, 2017); Authors’ estimates based on South
Asia Harmonized Micro Dataset (accessed September 15, 2017).

respective poverty numbers if consumption aggregates were standardized. Pakistan
would see an increase in the number of extreme poor from 10.3 million to 12
million, and Bangladesh would see its number of extreme poor rise from 27.5
million to 28.9 million, mainly driven by the rural poor. As mentioned, India
would experience a decrease in the number of extreme poor of about 22 million
nationwide. Most of the fall would result from the decrease in the number of urban
poor in India, due to the inclusion of imputed housing rent for homeowners in
the standardized welfare aggregate. However, as the length of recall can affect
consumption expenditures, harmonizing the length of recall in different South
Asian countries could have some effect on these poverty numbers.
VI. Consistency of Monetary International Poverty Rates with Nonmonetary
Welfare Dimensions

This section considers whether the international extreme poverty rate
rankings are consistent with nonmonetary dimensions of welfare. Thus far, we
have examined monetary metrics of individual well-being, including the national
and standardized consumption aggregates. This section assesses how the ranking
of monetary welfare relates to other nonmonetary dimensions of well-being. Sen
(1979) introduced the concept of capabilities, which states that a person has a set
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of objectives to choose from to lead a meaningful, valued life. Many reports and
papers have used Sen’s capability approach to highlight the importance of reporting
different indicators other than income to measure the overall well-being of a person.
For example, Bourguignon and Chakravarty (2019) stressed the importance of
measuring nonmonetary indicators of well-being because even though a person
may have enough income to afford higher consumption, problems arise when the
markets for certain nonmonetary welfare indicators either do not exist or are not
perfect. Thus, different nonmonetary factors must be assessed besides income
(e.g., access to clean water and educational attainment) to get a broader picture
of well-being. The World Bank recently released Poverty and Shared Prosperity
2018: Piecing Together the Poverty Puzzle, which closely examines nonmonetary
indicators to assess the poverty status of a person. The report also computes
the Multidimensional Poverty Index of Alkire and Foster (2011), an index that
amalgamates different monetary and nonmonetary indicators of well-being into one
measure of poverty.
A country with high levels of (monetary) international poverty may perform
badly in other nonmonetary welfare dimensions. Table 13 lists some indicators
of nonmonetary well-being for the subpopulation of poor people identified using
the national consumption aggregates. The nonmonetary indicators in most cases
are broadly consistent with the monetary poverty rates, although Bhutan and
Pakistan are outliers with respect to literacy. Sri Lanka has the lowest proportion
of household members that are illiterate, while Pakistan has the highest and
Bangladesh the second highest. In South Asia, Pakistan scores the worst when
it comes to education among the extreme poor. Although Bhutan has the
second-lowest extreme poverty rate in the region, its extreme poor are worse off in
many categories when they are compared with India’s extreme poor. For example,
only 19% of the heads of households that are extremely poor in Bhutan are literate,
compared to 50% in India and 29% in Bangladesh.
Bangladesh scores much worse in many of the nonmonetary dimensions
than India. India has the highest proportion of extreme poor in the region, while
Bangladesh has the second-highest proportion. But the Bangladeshi extreme poor
have less human capital and lower levels of physical assets compared to their
Indian counterparts. Bangladeshi households in extreme poverty have lower levels
of educational attainment and lower ownership rates of household assets, even
though the extreme poor in both Bangladesh and India have the same proportion
of households engaged in agriculture.
Using the standardized consumption aggregates only partly mitigates some
of the disparities observed in monetary and nonmonetary indicators. Table 14
shows the different nonmonetary indicators of well-being of the extreme poor when
identified using the standardized consumption aggregates rather than the national
consumption aggregates. Bangladesh still scores much worse than India in many
of the dimensions. For example, Bangladeshi extreme poor have lower levels of

8.40
0.73
0.19
0.63
0.33
0.41

0.24

0.58
0.36
0.12
0.06
0.01
0.02
0.96
0.61

0.29
0.70
0.18
0.54
0.56
0.35
0.01
0.25
0.05
0.10
0.15
0.02
0.15
0.96
0.3

Bhutan

5.73
0.97

Bangladesh

0.01
0.57
0.16
0.29
0.45
0.08
0.66

0.55
0.48

0.50
0.44
0.35

6.43
0.78

India

Note: All reported summary statistics are population weighted.
Source: Authors’ estimates based on South Asia Harmonized Micro Dataset (accessed September 15, 2017).

Household composition
Household size
Dependency ratio
Education attainment in household
Household head knows how to read and write
Proportion of household members who are illiterate
Household members with primary schooling
Ratio of female children in school to all children in school
Employment
Household head engaged in agriculture
Household head self-employed
Household assets and facilities
Household has a landline phone
Household has electricity
Household has a radio
Household has a television
Household has a fan
Household has a sewing machine
Household has a bicycle
Drinking water from hygienic source
Availability of proper sanitation facilities

Variable

0.69
0.97
1.00
0.54
0.34

0.12

0.37
0.39

1.00
0.38
0.18
0.48

7.53
0.67

Maldives

0.02
0.43
0.41
0.16
0.14
0.05
0.28
0.73
0.1

0.80

0.37
0.63
0.32
0.53

7.16
1.16

Nepal

0.01
0.74
0.02
0.19
0.71
0.25
0.26
0.87
0.28

0.49
0.39

0.28
0.80
0.18
0.35

10.01
1.42

Pakistan

0.09
0.64
0.45
0.49
0.15
0.10
0.36
0.84
0.74

0.53
0.32

0.21
0.37
0.47

5.60
0.70

Sri Lanka

Table 13. Summary Statistics of Indicators of Nonmonetary Well-Being for the Extreme Poor Identified Using the National
Consumption Aggregates
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8.18
0.40
0.21
0.62
0.33
0.49

0.14

0.65
0.35
0.22
0.06
0.01
0.04
0.98
0.61

0.27
0.69
0.18
0.52
0.54
0.37
0.01
0.29
0.05
0.12
0.19
0.03
0.16
0.96
0.33

Bhutan

5.68
0.47

Bangladesh

0.006
0.55
0.14
0.23
0.40
0.05
0.59

0.54
0.42

0.50
0.45
0.14

5.60
0.95

India

Note: All reported summary statistics are population weighted.
Source: Authors’ estimates based on South Asia Harmonized Micro Dataset (accessed September 15, 2017).

Household composition
Household size
Dependency ratio
Education attainment in household
Household head knows how to read and write
Proportion of household members who are illiterate
Household members with primary schooling
Ratio of female children in school to all children in school
Employment
Household head engaged in agriculture
Household head self-employed
Household assets and facilities
Household has a landline phone
Household has electricity
Household has a radio
Household has a television
Household has a fan
Household has a sewing machine
Household has a bicycle
Drinking water from hygienic source
Availability of proper sanitation facilities

Variable

0.65
0.93
1.00
0.55
0.30

0.07

0.59
0.43

1.00
0.43
0.17
0.51

7.58
0.41

Maldives

0.02
0.38
0.43
0.13
0.12
0.04
0.28
0.75
0.08

0.83

0.34
0.62
0.33
0.53

7.20
0.53

Nepal

0.02
0.82
0.02
0.29
0.78
0.25
0.23
0.86
0.34

0.41
0.37

0.31
0.76
0.20
0.37

9.68
0.57

Pakistan

0.13
0.74
0.48
0.60
0.22
0.17
0.35
0.87
0.79

0.46
0.31

0.20
0.35
0.49

5.68
0.41

Sri Lanka

Table 14. Summary Statistics of Indicators of Nonmonetary Well-Being for the Extreme Poor Identified Using the Standardized
Consumption Aggregates
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educational attainment and physical assets compared to their Indian counterparts,
even though their dependency ratios and the proportion of households engaged in
agriculture are similar. This is consistent with the common view that Bangladesh is
poorer than India.
While the international extreme poverty rate shows that India has a
much higher poverty rate than Bangladesh, further analysis of the nonmonetary
dimensions of well-being shows that the depth of deprivation is higher in
Bangladesh than in India, strongly suggesting that the extremely poor in Bangladesh
are worse off than those in India. Monetary measures of poverty show that India
and Bangladesh have similar rates of poverty when imputed rent is included for
urban households, and that India would have a lower extreme poverty rate if imputed
housing rent were included for rural households.
VII. Conclusions

The World Bank has set an ambitious target of eliminating international
extreme poverty by 2030 and has taken steps to obtain proper estimates of extreme
poverty. One of the key challenges in the measurement of poverty is how to identify
the poor. The World Bank uses an international poverty line to identify the extreme
poor, which is currently set at $1.9 per person per day in 2011 PPP dollars.
Measuring the consumption of goods and services by households is challenging
and very sensitive to survey design and data collection methods. Thus, differences
in the way that household surveys are designed and collected across countries can
have significant effects on poverty measurement, which are amplified when doing
international poverty comparisons.
In this paper, we examine how the construction of consumption aggregates
at the country level in South Asia adds to the total error that is implicitly part of
any international poverty rate estimation. Indeed, when the World Bank recently
convened a group of experts to identify how to improve the measurement of
international extreme poverty, one of their main recommendations was to provide a
margin of error with every poverty estimate. The rationale for this recommendation
is that nonsampling errors, or total error, could create a biased estimate of
international extreme poverty. Although the region includes only eight countries,
it has both the second-highest number and proportion of the world’s extreme poor.
Additionally, all South Asian countries use the national consumption aggregate as
the basis to identify the poor. This makes the analysis both tractable and significant
in the global context.
For each country, we document in detail the differences in survey design
and sampling, highlight the use of spatial deflation and intertemporal deflation, and
assess the sensitivity of the international poverty rate to the methodology used to
construct the consumption aggregates. We find that there is a significant variation in
the methods used to measure poverty across countries in South Asia. Each country
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collects a different list of food items from households. For instance, Sri Lanka
collects just 47 nonfood nondurable items, while Bangladesh and India include over
190 items, and Maldives includes 401 items. Maldives, Pakistan, and Sri Lanka do
not add durable goods to the consumption aggregate, but the rest of the countries
in the region do. Afghanistan and Nepal do not include health care expenditures,
and India and Maldives do not include imputed rent of owner-occupied housing.
Moreover, the methodology to collect consumption data also varies from country
to country. For instance, Maldives does not include home production of goods in
the national consumption aggregate, and Bangladesh, Pakistan, and Sri Lanka do
not include meals bought outside the home as part of the national consumption
aggregate.
Still, by far, the most important source of differences in the construction of
consumption aggregates is the treatment of imputed rents. Except for Maldives, all
the other countries in South Asia collect imputed rent of owner-occupied housing
as part of the consumption aggregate. While India does not include imputed rent
as part of its national consumption aggregate, it does collect this information for
urban dwellers. We find that the absence of imputed rent of owner-occupied housing
from the national consumption aggregate of India is the main factor that makes its
proportion of international extreme poor the highest in South Asia.
Using the standardized consumption aggregate reduces the number of
extreme poor in South Asia and makes India appear equally poor as Bangladesh.
While India has the largest proportion of international extreme poor when the
national consumption aggregates are used to measure poverty, Bangladesh becomes
home to the largest proportion of international extreme poor in South Asia when
standardized datasets are used. This is mainly being driven by housing expenditures.
The standardized dataset includes imputed rent of owner-occupied housing in urban
regions of India. However, some of the results we obtain are affected by the
differences in recall rates in different countries, and harmonizing them would help
to obtain a more accurate poverty number.
The choice of CPI also plays an important role in determining the number of
extreme poor. Each country deflates the international poverty line to align it with
the year the survey was undertaken. Except for Afghanistan and Bangladesh, all
other countries use the CPI to deflate prices. The evidence from Bangladesh shows
that if the CPI were used to measure international extreme poverty (instead of the
official Basic Need Price Index), then the proportion of the extreme poor would be
overstated.
Spatial deflation has minor impacts on the international poverty rates
measured at the country level, but it significantly affects urban and rural poverty
rates. Currently, among countries in the region, only Bhutan and Nepal spatially
deflate their national consumption aggregates when calculating the international
poverty rate. The estimation of international poverty rates is not sensitive to spatial
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deflation, but this could be an important issue to study subnational international
poverty rates.
Nonmonetary measures of poverty are more consistent with the standardized
than the national consumption aggregates. To understand the standard of living of
the international extreme poor of each country, we also look at other nonmonetary
welfare indicators. We find that, in some countries, the extreme poor fare better than
in other countries. For example, the Pakistani extreme poor have the lowest levels
of educational attainment, while Sri Lankans have the highest. We also find that
India’s extreme poor have better indicators of nonmonetary well-being compared
to the extreme poor of Bangladesh. This matches well with the notion that India
overall is less deprived than Bangladesh.
Our analysis indicates that the ex post harmonization of welfare aggregates
would make international poverty comparisons more accurate. While householdlevel data provide valuable information at the country level, their idiosyncrasies may
introduce noise into cross-country comparisons and, importantly, contribute to the
total error of poverty estimates. Countries collect different numbers of consumption
items, use different lengths of time for recall, include different categories of goods
in the consumption aggregate, and use CPI to deflate prices, which all affect
poverty estimates. This paper shows how differences in the methodologies of data
collection and calculation of poverty rates across South Asia can affect countries’
international poverty rates. These rates change significantly when standardized
welfare aggregates are used. India and Maldives do not include imputed rent in
the consumption aggregate, but other countries do, and adjusting for this reduces
the number of extreme poor in India substantially. Standardizing the consumption
aggregates, which includes adding imputed rent from urban Indian households,
reduces the number of extreme poor in South Asia by almost 18.5 million, or by
about 1.3 percentage points, with India leading the way with a decline of almost
21.6 million.
Our study shows that including imputed rent in the consumption aggregate
would substantially improve its measurement and help researchers in getting a more
accurate assessment of the number of poor. From the perspective of the cost of
collecting this data, it should not be very difficult or expensive to add one more
question about imputed rent in the consumption surveys. For example, in the case
of India, the NSS already collects imputed rent data from urban areas, and so, using
the same questionnaire for rural areas would allow for a harmonized collection
of imputed rent data from across the country. Poverty experts can then include
imputed rent when calculating per capita consumption aggregates to get a more
accurate measurement of poverty. This endeavor is worthwhile given the large
decline in poverty that we see when imputed rents are included in the consumption
aggregate. However, we also note that poverty experts should study whether any
changes in housing supply can affect imputed rent and whether that could impact
the changes in poverty rates. Thus, in the coming years, it will be important
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to explore the effects of adopting a consistent approach to the construction of
welfare aggregates, particularly with respect to the treatment of housing rent, when
estimating international poverty rates. This can lead to a more accurate assessment
of the world’s progress toward eradicating extreme poverty.
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Government Intervention, Institutional Quality,
and Income Inequality: Evidence from Asia
and the Pacific, 1988–2014
Bertrand Blancheton and Dina Chhorn∗

We examine the linear and nonlinear long-run relationship between public
expenditure and institutional quality, and income inequality in Asia and the
Pacific. By applying panel cointegration methods using a dataset from 1988
to 2014, our main findings suggest that public expenditure and institutional
quality have negative long-run, steady-state effects on income inequality in Asia
and the Pacific. The effect of institutional quality has only a one-way Granger
causality link to income inequality. The existence of a nonlinear relationship
between public expenditure and institutional factors linked to income inequality
is also found. It implies that, at the early stage of institutional development, a
country whose economy has experienced higher public expenditure generates
rising income inequality; then, in the long run, when the country improves
its institutional quality, higher public expenditure results in lower income
inequality.
Keywords: Asia and the Pacific, income inequality, institutional quality, public
expenditure
JEL codes: D63, E02, H53

I. Introduction

During the last few decades, the Asia and Pacific economies have achieved
impressive economic development compared to the global average; however, the
region is lagging with respect to rising economic inequality (Alvaredo et al. 2018,
United Nations 2018). Hollywood’s romantic dramedy, Crazy Rich Asians, and the
black comedy thriller from the Republic of Korea, Parasite, are recent pieces of
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social evidence that explain how far the highest income groups are from the rest of
society in some Asian countries. Piketty (2014) argued that it would be a mistake to
underestimate the importance of film and literature, 19th century novels especially,
which are full of detailed information about the relative wealth and living standards
of different social groups, the deep structure of inequality and the way it is justified,
and its impact on individual lives. According to the last updated data from Credit
Suisse’s global wealth report and Oxfam, the number of super-rich (millionaires
and billionaires) in the Asia and Pacific region—comprising Australia; Hong Kong,
China; India; Indonesia; Japan; the People’s Republic of China (PRC); the Republic
of Korea; Taipei,China; Thailand; and Viet Nam; among other economies—has
surpassed that of North America and Europe. In another sign of rising inequality,
Asia and the Pacific’s income Gini coefficient increased from 0.37 to 0.48 between
1990 and 2014, while the gap in wealth equality is even wider; in addition, the Asia
and Pacific region is also the home of nearly two-thirds of the world’s working poor
(Costa 2018).
During the early stage of its economic development a half-century ago,
the Asia and Pacific region was widely known as a place where there were
countless internal conflicts, political instability, civil wars, and widespread poverty.
During that period, the region’s governments focused on offering basic needs and
instituting a minimum degree of social security, as well as securing the rule of
law for their citizens (Sobrado et al. 2014). As in most advanced economies, as
a society prospers, people’s expectations become more demanding in terms of
access to better government services—including the rule of law, accountability,
transparency—and a simultaneous improvement of welfare and income
redistribution. As reported by the most recent findings, rising income and wealth
inequality is considered among today’s biggest challenges for governments around
the world, and the Asia and Pacific economies are no exception (Stiglitz 2012,
Piketty 2014). In the long run, lessons from history show that an unequal society
can lead to global disaster, like what Europeans faced twice in the 20th century. For
that reason, this issue does matter above all.
In the modern era of globalization, many aspects—from an economy’s factor
endowments, trade openness, financial deepening, geography, and institutions, to
its historical trajectory and technological changes—have been detected to explain
inequality (see, for example, Kanbur and Zhuang 2013 and Hartmann et al.
2017). Therefore, to address the inequality issue, it is, without doubt, a matter of
controversy and complexity. Besides a variety of redistributive policies, government
intervention through public expenditure is normally prioritized in developing
economies. This is because taxation mechanisms are viewed as less effective and
less efficient, thanks to the small size of tax revenues and low quality of governance
and institutions. Nyblade and Reed (2008) suggested that public expenditure is able
to function well and promote a more equal society only if the institutional quality
in some context (e.g., low level of corruption and high political competition) is
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allowed to do it. In Asia and the Pacific, however, the institutional framework has
been seen to progress slowly like a crab, moving forward then backward from time
to time. Accordingly, a closer look at this specific issue is required.
This paper aims to investigate the linear and nonlinear long-run relationship
between public expenditure and institutional quality, and inequality in Asia and
the Pacific. To realize this, we use a dataset covering eight countries in Asia and
the Pacific—Australia, India, Japan, Malaysia, the PRC, the Republic of Korea,
Singapore, and Thailand—from 1998 to 2014.
The contribution of this paper to the literature is as follows. First of all, it
gives new empirical findings on the long-run impact of public expenditure and
institutional quality on income inequality, which previously has been extensively
studied only in the short run and medium run. Combining the strength of panel
fully modified ordinary least squares (FMOLS) and panel dynamic ordinary
least squares (DOLS) with Granger causality tests, our approach can examine
simultaneously the effect in Asia and the Pacific of public expenditure and
institutional quality on income inequality, and the effect of income inequality
on public expenditure and institutional quality. Secondly, the nonlinear panel
cointegration models are designed to investigate the nonlinear relationship of
public expenditure and institutional quality on income inequality across the sample
countries. This may be one of the pioneering theses in applying the nonlinear
long-run panel models to estimate a hypothesis, particularly in the Asia and Pacific
region. Thirdly, it is applied to a new measurement. We used the World Inequality
Database (WID.world), first developed by Piketty and Zucman (2014), which we
found a more available dataset for the Asia and Pacific countries in this study.
This new measurement provides further insight into the thinking of inequality. Our
dataset covers at least 26 years (1988–2014) for almost all countries.
Finally, this paper focuses on specific countries in Asia and the Pacific. It
is complementary to the existing literature, which we found focused mainly on
the advanced economies in Europe and the United States (US). However, when
the global economy changes, the standard model of economic thoughts should
also change. This matters for the Asia and Pacific economies, which might not
follow a similar pattern of development as that of other countries. As Robert Solow
explained, there is no economic theory of everything (Todaro and Smith 2017).
In the 21st century, when the center of gravity of the world economy has shifted
decisively from the Atlantic to the Pacific Ocean, everything that happens in these
two regions will attract very strong public attention. Since the Asia and Pacific
region has not been empirically studied as extensively as Europe and the US, this
study seeks to provide some insights in light of the controversial findings from some
previous studies.
The rest of the paper is organized as follows. Section II considers the
literature review. Section III explains the empirical methodology and data, and
then provides the testing results from panel unit root tests and panel cointegration
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tests. Section IV looks at the overall regression results and presents a discussion of
the results. Section V discusses the robustness checks. The final section gives the
concluding remarks.
II. Literature Review
A.

The Effect of Public Expenditure on Inequality

Besides taxes, government intervention may help to reduce inequality by
redistributing resources through public expenditure (Doerrenberga and Peichla
2014). In this perspective, the government might implement a wide range
of mechanisms through transfers involving education, health, social insurance,
housing, infrastructure, public investment, and other welfare programs (Gruber
2013). Progressive taxation is a common policy measure for reducing inequality,
not only individual but also corporate taxation may impact on individual income
and wealth (e.g., Hazak 2009). Another public finance channel used to address
inequality is (progressive) government spending, and there are many theories and
pieces of evidence to suggest that certain sorts of public spending policies are likely
to promote a more equal society.
For instance, the human capital theory argues that investment in further
education tends to increase a person’s stock of skills and productivity (Gruber
2013). Thus, education may promote a better outcome in society. In some
particular contexts, government intervention—for instance, providing subsidies to
low-income families for early-education investments to mitigate young parents’
budgetary concerns—could have a significant role to play in providing equal
access to education, which consequently decreases income inequality and increases
intergenerational mobility (Juan and Muyuan 2016).
Empirically, although higher education has expanded significantly on a
global scale, it is suggested that we are living in a less equal world. One important
perspective is the contribution of human capital and investments in research and
development to growth along with convergence (Männasoo, Hein, and Ruubel
2018), but this alone does not guarantee that the benefits of increasing knowledge
intensity are equally or fairly distributed. In the Asia and Pacific region, we observe
that participation in higher education is increasing rapidly in most countries but,
at the same time, social mobility lags behind the development of higher education
(Marginson 2018). We also find rising wealth and income inequality in advanced
English-speaking countries even as they have many of the top universities in the
world (Piketty 2014). However, given that education from primary to tertiary is
free or almost free in European welfare countries—such as France, Germany, and
Scandinavian countries like Denmark, Finland, and Sweden—we observe that they
are more equal societies in terms of wealth and income distribution. According to
Marginson (2018), many higher education systems are more vertically stratified,
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with a larger stretch in status and resources between top universities and other
higher education institutions. Elite universities tend to be dominated by students
from advantaged backgrounds, blocking the potential for greater social mobility,
though their social composition varies from case to case.
In this regard, the effectiveness of distributive public policies would be
necessitated to go along with a particular assumption or hypothesis. There is much
evidence to argue that public expenditures that target the lower and lower-middle
social classes, which comprise the majority of the population, would produce a
more equal distribution of outcomes. This supports the idea that public policies
need to be involved in providing basic health insurance, compulsory education
(primary and secondary), unemployment insurance, housing subsidies, and public
infrastructure (Gruber 2013). Considering policy and implementation, it becomes
not only complex but also complicated. Some studies suggest that although public
policies may be designed to target the most vulnerable or the most needy citizens
at the early stage, the benefits might end up going to the middle or elite social
classes. It might be due to government failure, corruption, or low quality of good
governance and institutions. This evidence can be found in many low-income and
middle-income developing countries (Anderson et al. 2017).
Another consideration is to view things in both the short and long run. Let us
suppose we are living in a world where we have an equal degree of good governance
and institutions so that the government can function at the highest efficiency (lowest
rate of corruption or least possible government failure). In this case, even though
public expenditure tends to reduce inequality in the short run, it does not guarantee
that inequality is less likely to worsen in the long run. Bourguignon (2004) states
that too many income transfers, as opposed to transfers of wealth, can lower the
expected return from acquiring physical and human capital. They might distort
the economy and reduce savings and investment, and therefore the rate of growth.
According to Lee (2013), greater government income transfers may reduce people’s
incentive to work for themselves, and then the whole economy becomes less
dynamic. Consequently, it could generate a possible economic recession in the long
run. If this hypothesis were right, citizens from the lower and middle classes would
find themselves struggling more than the higher social classes during the crisis.
Thus, inequality might be rising subsequently.
B.

The Effect of Institutional Quality on Inequality

According to Zhuang, de Dios, and Lagman-Martin (2010), we can associate
institutional quality with inequality in two different ways: (i) political institutions
and democracy, and (ii) corruption. On the one hand, in relation to political factors,
it has been suggested that more equal income distribution would be better promoted
in a democratic society with more political rights. When political rights to vote are
extended to the majority of the population, the amount of redistribution is decided
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by the median voter and this determines, directly or indirectly, the rate of growth of
the economy (Bourguignon 2004). However, it has failed to be verified empirically
in some cases where countries with a higher score of democracy are not necessarily
reducing inequality. It is subject to the fact that the political system alone cannot
explain inequality. For example, despite having a lower score in democracy or
restrictive political rights, income distribution in many countries—such as East
European countries, the Republic of Korea, and Singapore—was relatively equal
as long as their respective societies functioned with a special political ideology.
Moreover, democracy is more likely to reduce inequality in countries with a
parliamentary rather than a presidential system (Zhuang, de Dios, and LagmanMartin 2010).
Corruption, on the other hand, tends to increase income inequality for the
reason that it can lead to tax evasion, less effective administration, lower progressive
taxes, less effective public expenditure, and lower investment. The problem would
potentially create political, economic, and social systems that favor only the rich
and hurt the poor (Pedauga, Pedauga, and Delgado-Márquez 2017). In contrast,
some argue that corruption can lead to less inequality if the social benefit from
corrupted activities is greater than the social damage. Another recent study has
found that corruption tends to be associated with lower inequality in less developed
countries due to the existence of the informal sector in many developing countries
(Andres and Ramlogan-Dobson 2011). In the analysis of more disaggregated data,
Nyblade and Reed (2008) have linked corruption to inequality in two contexts:
(i) political competition and (ii) voting. The first involves corrupt actions to gain
personal benefits by the elites in society, which would increase inequality. The
second, however, involves buying votes by using, for instance, public budgets to
reach the mass of the population. This tends to decrease inequality because at least
the money goes to the poor people.
In addition, there are multiple channels through which institutions may
impact inequality. For example, various social norms may propagate inequality
among different population groups (e.g., some ethnic groups, minorities, and
females), and rent-seeking opportunities may foster inequality and financial
constraints (e.g., Männasoo, Maripuu, and Hazak 2018) that often have an
institutional background that may affect different types of individuals and
companies differently.
Linking together government intervention through public expenditure and
inequality in the context of diverse institutional quality, we might consequently
presume that the distributive effect of public expenditure tends to reduce inequality,
given that an economy has high-quality governance and institutions. If this
hypothesis is not completely right, the policies would not be implemented
effectively. Alternatively, in cases of low institutional quality or high corruption,
public intervention tends to increase income inequality because it would lead to tax
evasion, less effective administration, lower progressive taxes, less effective public
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expenditure, and lower investment. However, it is likely to promote more quality
outcomes only if the existence of social benefits, provided by public intervention, is
linked to the mass of the population (i.e., the poor), such as social assistance or gift
giving during election. This hypothesis does not take into account its effects in the
medium and long run, which are complex by nature.
III. Empirical Methodology
A.

Data

We collected data from various sources from 1988 to 2014 in the following
countries: Australia, India, Japan, Malaysia, the PRC, the Republic of Korea,
Singapore, and Thailand.
We used the pretax top 1% income share of the population to measure income
inequality. The data were taken from the World Inequality Database (WID.world),
first developed by Piketty and Zucman (2014). Our dataset is available for at
least 26 years (1988–2014) for most countries, except for the Republic of Korea
(1995–2014), Thailand (2000–2014), and Malaysia (a total of 13 years with missing
values and another 13 years with data between 1988 and 2014). To deal with missing
values, we applied the cubic-spline interpolation methods as explained by McKinley
and Levine (1998); Fichtenbaum and Shahidi (1988); and Bishop, Chiou, and
Formby (1994). The rationale for using this indicator follows the theses of Malinen
(2016), who presented arguments linking income inequality to credit cycles, and
Leigh (2007), who argued that there is a strong and significant relationship between
top income shares and broader inequality measures, such as the Gini coefficient.
According to Malinen (2016), the top 1% income share measures the share of
national income concentrated in the hands of the highest percentile of income
earners. As gross domestic product (GDP) is, in practice, the national income
of a country, the share of total income received by the top 1% of earners can
the top 1%
. However, to avoid the bias that the top 1%
also be presented as income ofGDP
income share cannot capture the full picture of the effect of public spending and
institutional quality in promoting economic opportunity for the poor and the middle
class, we also employed version 8.2 of the Standardized World Income Inequality
Database (SWIID) of Solt (2019) for robustness checks. It is the estimate of the Gini
index of inequality in equivalized (square root scale) household disposable (posttax,
posttransfer) income, using the Luxembourg Income Study data as the standard. The
SWIID dataset is available for nearly 100% of our eight sample countries in Asia
and the Pacific.
To make our estimation comparably reasonable, we used public expenditure
expenditure
(share of GDP): Public GDP
. Public expenditure comprises cash payments for the
operating activities of the government in providing goods and services. It includes
compensation of employees (e.g., wages and salaries); interest and subsidies; grants;

Government Intervention, Institutional Quality, and Income Inequality 183

social benefits; and other expenses such as rent and dividends (based on World Bank
definitions). To investigate the role of institutional quality, we used the average value
of the Worldwide Governance Indicators (WGI), which are found in the empirical
works of Zhuang, de Dios, and Lagman-Martin (2010); Kaufmann, Kraay, and
Mastruzzi (2010); and Wong (2017). The WGI consists of six broad dimensions
of governance: (i) voice and accountability, (ii) political stability and absence of
violence and terrorism, (iii) government effectiveness, (iv) regulatory quality, (v)
rule of law, and (vi) control of corruption. The estimate of governance performance
in standard normal units ranges from approximately −2.5 (weak) to 2.5 (strong).
The Asia and Pacific countries that are defined as having strong institutional quality
have an average WGI value that is “bigger or equal to zero”; otherwise, they are
defined as having weak institutional quality. Therefore, Australia, Japan, Malaysia,
the Republic of Korea, and Singapore are in a group of countries with strong
institutional quality. India, the PRC, and Thailand are in a group of countries with
weak institutional quality.
In addition to explanatory indicators, we added several major aggregated
variables as additional control variables (Appendix Table A.1). The country’s
openness is theoretically linked to income distribution (see, for example, Heckscher
1919, Ohlin 1933, Samuelson 1953, and Melitz and Redding 2015). The sum
of imports and exports is used to measure trade openness (see, for example,
Cameron 1978, Rojas-Vallejos and Turnovsky 2017, and Wong 2017). The level
of development is also linked to inequality. The general effect of GDP per capita on
income inequality is explained by the well-known inverted-U hypothesis developed
by Simon Kuznets: an increase in GDP per capita will increase overall economic
welfare and income disparity. Following the process of economic development,
inequality will increase during the first stage; after it arrives at the peak, inequality
will decrease (Kuznets 1955). Changes affecting labor supply and labor demand
can also shift income inequality. Changes in population, measured by the annual
percentage growth in population, affect changes in labor supply and demand, which
affect wages in the labor market. An increase in population is expected to increase
income inequality if the unemployment rate increases (see, for example, Asteriou,
Dimelis, and Moudatsou 2014; Rojas-Vallejos and Turnovsky 2017; Wong 2017).
Oil rents (as a share of GDP) are used to account for resource-rich regimes that
can afford to gain legitimacy by redistributing revenue (Ross 2001, Wong 2017).
Taxation, in addition to public spending, may also target to improve the overall
economic well-being of a whole population, especially the poor. The effect on
income distribution depends on how the government targets specific population
groups through social protection, education, and health, among others (Selowsky
1979, Younger 1999).
The addition of listed control variables into the model may impair the
identification of individual coefficients in the presence of high multicollinearity.
As shown in Appendix Tables A.2 and A.3, the variance inflation factor and the
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Figure 1. Average Value of Top 1% Income Share and Public Expenditure,
1988–2014 (% of GDP)

GDP = gross domestic product.
Source: Authors’ calculations using the World Inequality Database. 1988–2014. WID.world (accessed December 3,
2018).

pairwise correlations among explanatory variables, however, did not reveal any
severe multicollinearity. The variance inflation factor was 4.04, well below the
critical level of 10. The pairwise correlation estimates confirmed that correlations
between variables were well below the critical levels.
The list of countries divided by regions, income status, and institutional status
along with descriptive statistics of the Asia and Pacific countries are reported in
Appendix Tables A.4 and A.5. India is the only lower-middle-income country from
South Asia; the others are all from East Asia and the Pacific. Malaysia is the only
country with upper-middle-income status, but it is classified in the same group as
high-income countries with strong institutional quality. Figure 1 shows that public
expenditure followed a rising trend from the end of the 1980s to 2014. The top 1%
income share, on the other hand, evolves in a stable trend then starts increasing
from the early 1990s; overall, it also shows a rising trend from 1988 to 2014. The
results give some evidence to the extent of the “trending hypotheses,” indicating a
possible long-term correlation between the variables. However, that can be a reverse
causality (i.e., public expenditure explains the top 1% income share and vice versa).
Figures 2 shows a different pattern in each country. Australia, India,
Malaysia, and the Republic of Korea, show both a rising trend for public expenditure
and the top 1% income share. The PRC and Singapore show only a rising trend for
the top 1% income share and a nearly stable trend of public expenditure. This is the
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Figure 2. Top 1% Income Share and Public Expenditure, 1988–2014 (% of GDP)

GDP = gross domestic product.
Sources: Authors’ calculations using the World Inequality Database. 1988–2014. WID.world (accessed December
3, 2018); and World Bank. 1988–2014. World Development Indicators. https://databank.worldbank.org/source/
world-development-indicators (accessed December 3, 2018).

opposite for Japan, where public expenditure is rising but the top 1% income share
is likely to become stable in the long run. Thailand shows a very different trend than
other countries, as there is a reverse trend between the variables.
To assess the long-run equilibrium association between the variables, we
performed several tests, including the panel unit root test, panel cointegration test,
and cointegration regression estimation.
B.

Panel Unit Root Tests

We used three types of panel unit root tests. The first follows unit root
assuming individual unit root process, including the Im–Pesaran–Shin test (2003),
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Augmented Dickey–Fuller (ADF)–Fisher test by Maddala and Wu (1999), and
Phillips–Perron (PP)–Fisher test by Choi (2001). The second follows unit root
assuming common unit root process, including the Levin–Lin–Chu test (2002). The
third allows for homoscedastic error processes across the panel, including the tests
of the Hadri Z-stat and heteroscedastic consistent Z-stat by Hadri (2000).
The panel unit root tests, in this paper, are based on the following regression
equation:
yit = ρi yi,t−1 + αi + ηit + θt + εit

(1)

where αi are individual constants; ηit are individual time effects, and θt are the
common time effects. The null hypothesis of individual unit root process is that the
panel data has unit root, H0 : ρi = 0 ∀ i, (i.e., the series in I[0] are nonstationary).
The alternative hypothesis is as follows:
H1 : ρi < 0, i = 1, 2, . . . , N1 , ρi = 0, i = N1 + 1, N2 + 2, . . . , N.
The same principle is applied for the Levin–Lin–Chu test, assuming common
unit root process. However, the null hypothesis of the tests of Hadri Z-stat and
heteroscedastic consistent Z-stat is that panel data has no unit root (the process
is stationary), and the alternative hypothesis is that the panel data has unit root (the
process is nonstationary).
According to the results of the panel unit root tests from Table 1, six among
six tests for the top 1% income share, public expenditure (% of GDP), trade
(% of GDP), per capita GDP at purchasing power parity (PPP), and tax revenue
(% of GDP), and four among six tests for population growth (annual %) emphasize
that the majority of tests become nonstationary at level; then, the series become
stationary after first difference, I (1).
C.

Panel Cointegration Testing

To estimate the panel cointegration model, the series of our variables must
be nonstationary at level, I (0), but become stationary at first difference, I (1). This
condition is confirmed in our model. We applied, therefore, the Pedroni residual
cointegration test (Pedroni 1999, 2004); Kao residual cointegration test (Kao 1999);
and Fisher–Johansen cointegration test (Maddala and Wu 1999).
The models for testing panel cointegration between income inequality and
public expenditure are structured as follows:
inequalityit = αi + βi expenseit + ηit + θt + εit

(2)

where (1, −βi ) are country-specific cointegrating vectors, αi are individual
constants, ηit are individual time effects, and θt are the common time effects. The
null hypothesis is that H0 : βi = 1 ∀ i (i.e., there is no cointegration).
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Table 1. Panel Unit Root Tests

Series
Top 1%
income share
Public expenses
(% of GDP)
Institutional
quality
Trade
(% of GDP)
Per capita GDP
(PPP)
Population growth
(annual %)
Oil rents
(% of GDP)
Tax revenue
(% of GDP)

Individual Unit Roots

Common
Unit Roots

Heteroscedastic

IPS

ADF-Fisher

PP-Fisher

LLC

Hadri

Hetero
Con Z-stat

−0.732***
(0.232)
−0.207***
(0.418)
−1.704
(0.044)
0.169***
(0.567)
−0.834***
(0.202)
−1.212***
(0.113)
−2.142
(0.016)
−0.053***
(0.300)

20.845***
(0.185)
21.581***
(0.157)
32.045
(0.010)
12.266***
(0.726)
22.293***
(0.134)
32.619
(0.008)
24.299
(0.042)
22.1816***
(0.137)

21.062***
(0.176)
17.752***
(0.339)
24.021***
(0.089)
11.483***
(0.779)
19.556***
(0.241)
19.089***
(0.264)
24.906
(0.036)
16.556***
(0.415)

0.358***
(0.640)
−0.826***
(0.205)
−2.189
(0.014)
−0.589***
(0.278)
−1.265***
(0.103)
3.011***
(0.999)
−4.178
(0.000)
−1.3513***
(0.088)

3.807***
(0.000)
2.836***
(0.002)
2.410***
(0.008)
6.131***
(0.000)
3.514***
(0.000)
0.753
(0.226)
3.280***
(0.001)
4.030***
(0.000)

3.318***
(0.001)
4.100***
(0.000)
4.792***
(0.000)
5.534***
(0.000)
2.763***
(0.003)
4.295***
(0.000)
4.670***
(0.000)
4.462***
(0.000)

ADF = Augmented Dickey–Fuller, GDP = gross domestic product, IPS = Im–Pesaran–Shin, LLC = Levin–Lin–
Chu, PP = Phillips–Perron, PPP = purchasing power parity.
Notes: All tests are taken using automatic selection of maximum lags; automatic lag length selection based on
Schwarz information criterion; Newey–West automatic bandwidth selection and Bartlett kernel; assumed asymptotic
normality and individual effects; and individual linear trends, except for public expenditure (% of GDP), which we
include only for individual effects. *** emphasizes that the process is nonstationary at level, then becomes stationary
at level I (1) after we reject or do not reject the null hypothesis.
Sources: Authors’ calculations using the World Inequality Database. 1988–2014. WID.world (accessed December
3, 2018); and World Bank. 1988–2014. World Development Indicators. https://databank.worldbank.org/source/
world-development-indicators (accessed December 3, 2018).

Tables 2, 3, and 4 report the results from the Pedroni residual cointegration
test, Kao residual cointegration test, and the Fisher–Johansen cointegration test with
a dataset from 1988 to 2014. According to the estimated results from various panel
cointegration tests, indicating that most of the statistics have a p-value of less than
the 1% and 5% level of significance, the null hypothesis of no cointegration can
be rejected. Therefore, we conclude that there is a high possibility of a long-run
equilibrium relationship between public expenditure and income inequality in the
Asia and Pacific countries.
IV. Results and Discussions
A.

Estimating a Cointegrating Regression

To obtain the long-run coefficients between the variables of interest, we took
into account two different but complementary estimators. First, we estimated with
the FMOLS by Phillips and Hansen (1990). Second, we estimated with the DOLS
by Stock and Watson (1993), and Mark and Sul (2003).
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Table 2. Pedroni Residual Cointegration Test
Within dimension
Weighted
Panel v-Statistic
Panel rho-Statistic
Panel PP-Statistic
Panel ADF-Statistic

Statistic

Prob

Statistic

Prob

−1.278
−3.410***
−4.870***
−5.494***

0.899
0.000
0.000
0.000

−0.562
−2.175**
−3.073***
−3.683***

0.713
0.015
0.001
0.000

Statistic

Prob

Between dimension

Group rho-Statistic
Group PP-Statistic
Group ADF-Statistic
Countries
Observation

1.120
0.131
−0.366
8
216

0.869
0.552
0.357

ADF = Augmented Dickey–Fuller, PP = Phillips–Perron.
Notes: Null hypothesis = no cointegration. The tests were estimated with the
following assumptions: trend assumption (deterministic intercept and trend),
automatic lag length selection based on Schwarz information criterion with
lags from 0 to 5, and Newey–West automatic bandwidth selection and
Bartlett kernel. *** 1% level of significance, ** 5% level of significance, * 10%
level of significance.
Sources: Authors’ calculations using the World Inequality Database.
1988–2014. WID.world (accessed December 3, 2018); and World Bank.
1988–2014. World Development Indicators. https://databank.worldbank.org/
source/world-development-indicators (accessed December 3, 2018).

Table 3. Kao Residual Cointegration Test
t-Statistic
ADF
Residual variance
HAC variance
RESID(−1)
D(RESID[−1])
Observations

**

2.274
1.414
0.792
−0.114**
−0.280***
216

Prob
0.012

0.012
0.001

ADF = Augmented Dickey–Fuller, HAC = heteroscedasticity- and
autocorrelation-consistent, RESID = residual.
Notes: Null hypothesis = no cointegration. The tests were estimated
with the following assumptions: trend assumption (no deterministic
trend), automatic lag length selection based on Schwarz information
criterion with a max lag of 1, and Newey–West automatic bandwidth
selection and Bartlett kernel. *** 1% level of significance, ** 5% level of
significance, * 10% level of significance.
Sources: Authors’ calculations using the World Inequality
Database. 1988–2014. WID.world (accessed December 3, 2018);
and World Bank. 1988–2014. World Development Indicators.
https://databank.worldbank.org/source/world-development-indicators
(accessed December 3, 2018).
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Table 4. Fisher–Johansen Cointegration Tests
Hypothesized
No. of CE(s)
None
At most 1
Observations

Fisher Stata
(from trace test)
***

62.12
37.45***
216

Prob

Fisher Stata
(from max-eigen test)

0.000
0.001

***

52.69
37.45***

Prob
0.000
0.001

CE = cointegrating equation.
a
Probabilities are computed using asymptotic chi-square distribution.
Notes: Null hypothesis = each series has unit root and no cointegration. The tests were estimated
with the following assumptions: trend assumption (quadratic deterministic trend) and tags interval in
first differences. *** 1% level of significance, ** 5% level of significance, * 10% level of significance.
Sources: Authors’ calculations using the World Inequality Database. 1988–2014. WID.world
(accessed December 3, 2018); and World Bank. 1988–2014. World Development Indicators. https:
//databank.worldbank.org/source/world-development-indicators (accessed December 3, 2018).

Besides using logarithm public expenditure (% of GDP) as the explanatory
variable, we included several macroeconomic variables that may influence income
inequality. We included logarithm trade (% of GDP), GDP per capita at PPP (current
international US dollars), population growth (annual %), oil rents (% of GDP), and
tax revenue (% of GDP).
The regression is structured to estimate the following equation:1
inequalityit = αi + β1 expenseit + β2 tradeit + β3 gdpit + β4 popit
+ β5 oilit + β6 taxit + ηit + θt + εit

(3)

where αi are individual constants; ηit are individual trends; θt is the common
time effect; (1, −β1 , −β2 , −β3 , −β4 , −β5 , −β6 ) are cointegrating vectors between
logarithm public expenditure (% of GDP), trade (% of GDP), GDP per capita at
PPP (current international US dollars), population growth (annual %), oil rents
(% of GDP), and tax revenue (% of GDP), and εit is an idiosyncratic error.
One of the key advantages in using the FMOLS and the DOLS estimations
is that we can deal with the spurious regression and draw causal effects with the
nature of time series that are nonstationary at level. In this case, the standard
ordinary least squares (OLS) and the generalized method of moments estimators
are inconsistent. McCallum (2010) and Sollis (2011) made a huge contribution
in arguing the problems of “spurious regressions.” McCallum (2010) suggested
so-called spurious regression relationships, which are generally accompanied by
clear signs of residual autocorrelation. In our study, the spurious relationships
between the series at level I (1), or the nonintegrated variables inequalityit and
expenseit , can be resolved by estimating the whole autocorrelation structure. It is
1
We applied the same identification strategy by using institutional quality (instiit ) and the interaction term
between public expenditure (% of GDP) and institutional quality (expense × instiit ) as the explanatory variable in
equation (3).
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solved in simulations, which result in test statistics closing to true values and not
yielding spurious results. However, Sollis (2011) argued that the spurious regression
problem can be solved by using an autocorrelation correction. It is shown that if the
relevant data generation processes contain higher-order terms, this solution is not
as effective as in the first-order case.
In this study, suppose we have two I (1) random vectors with panel
observations, inequalityit and expenseit , with large cross section and time series
dimensions. By pooling the cross section and time series observations, the strong
effect of residuals is attenuated while retaining the signal of expenseit . In this
regard, while the time series is spurious, applying all-time series data in cross
sections reduces the limiting variance in a panel regression and provides a consistent
estimate of (some) long-run regression coefficient (Malinen 2016). According
to Kao and Chiang (2001), the simulations of the sampling behavior show that
although the FMOLS estimator provides better estimations than the standard OLS
and the generalized method of moments estimators, the DOLS outperforms the
other estimations.
The resulting FMOLS estimator is asymptotically unbiased and has the
fully efficient mixture normal asymptotics, allowing for standard Wald tests using
asymptotic chi-square statistical inference (Sobrado et al. 2014). Complementary
to the FMOLS, the panel DOLS is estimated with fixed effects; fixed effects and
heterogeneous trends; and fixed effects, heterogeneous trends, and common time
effects. The model takes into account cross-sectional dependence by introducing
a common time effect, and the estimators are asymptotically normally distributed
(Mark and Sul 2003).
In equation (3), although the FMOLS and the DOLS estimators can
provide improvements compared to the OLS estimator, we might face other
statistical issues—including (i) cointegration between the explanatory variables,
(ii) possible endogeneity problem of spurious correlation, and (iii) potential serial
correlation—that require us to estimate with great caution.
First of all, the FMOLS and the DOLS estimators do not allow for
cointegration between the explanatory variables. In our estimations, we include the
leads and lags of the first differences of logarithm trade (% of GDP), GDP per capita
at PPP (current international US dollars), population growth (annual %), oil rents
(% of GDP), and tax revenue (% of GDP).
Secondly, to address an endogeneity problem of spurious correlation between
inequalityit and expenseit , and other explanatory variables, the panel DOLS
estimation assumes that μit is supposed to be correlated most with ρi leads and
lags of expenseit . The possible endogeneity can be controlled by projecting εit
into these pi leads and lags (Hämäläinen and Malinen 2011):
μit =

pi

s=−pi


ξi,s
expensei,t−s + εit∗ = ξi zit + εit∗

(4)
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where zit is a random vector with panel observation, and ξi zit is a vector of
projection dimensions. The projection error εit∗ is orthogonal to all leads and lags of
expenseit , and therefore the estimated equation is transformed as follows:
inequalityit = αi + β1 expenseit + β2 tradeit + β3 gdpit + β4 popit
+ β5 oilit + β6 taxit + ηit + θt + ξi zit + εit

(5)

Finally, to address the potential serial correlation between equilibrium error,
εit , and leads and lags of other cross sections expense ji , j = i, the panel DOLS
computes the same form of second-order asymptotic bias as pooled OLS. Overall,
the estimation of equation (5) is consistent under the condition which T → ∞ then
n → ∞. Equation (5) therefore can be feasibly estimated in a panel with small to
moderate n (Mark and Sul 2003).
We started our regression by estimating individually the impact of public
expenditure (% of GDP) (expenseit ), institutional quality (instiit ), and interaction
term between public expenditure (% of GDP) and institutional quality (expense ×
instiit ) on income inequality, measured by the top 1% income share. A few
necessary steps were taken: first, we estimated with the constant (level) and
no trend; second, we estimated with the constant (level) and trend; finally, we
introduced the control variables in our regression, including first differences of
logarithm trade (% of GDP) (tradeit ), GDP per capita at PPP (gdpit ), annual
population growth (popit ), oil rents (% of GDP) (oilit ), and tax revenue (% of
GDP) (taxit ). Only the estimations with the control variables are shown.
Table 5 presents results from the FMOLS and the DOLS estimations
using the dataset from 1988 to 2014. For the FMOLS estimation, the long-run
variance estimates—Bartlett kernel, Newey–West fixed bandwidth—were used for
coefficient covariances. We also used pooled estimation as panel method and
fixed leads and lags specification to address the possible endogeneity and serial
correlation discussed above. For the DOLS estimation, the same long-run variance
estimates were used for coefficient covariances. The pooled estimation as panel
method and automatic leads and lags specification were estimated. The first, second,
and third leads and lags of the first differences of control variables were estimated
as instruments for the explanatory variables. However, only the results from the first
leads and lags are shown.
For control variables, trade openness (% of GDP) has positive and
statistically significant cointegrating coefficients (significant at 1%) when we
estimated with public expenditure (% of GDP) for both FMOLS and DOLS.
It becomes negative and statistically significant (significant at 10%) when we
estimated with institutional quality and the interaction term between public
expenditure (% of GDP) and institutional quality. Per capita GDP shows a mix of
direction; yet the majority of coefficients are statistically significant at the 1% or
(at least) 5% level. The estimated result of the population growth rate also shows

−0.255
(0.098)

0.206**
(0.094)
−6.024**
(2.589)
−0.034**
(0.016)
0.025
(0.027)
0.185*
(0.102)
0.984
8
1988–2014
104

**

−0.355*
(0.178)
9.752***
(0.193)
0.070
(0.220)
−0.146
(0.192)
0.369***
(0.113)
0.607
8
1988–2014
49

−0.102
(0.239)

Model 2

−0.776***
(0.257)
−0.262
(0.175)
0.806
(0.679)
−0.126
(0.085)
−0.072**
(0.031)
1.485***
(0.531)
0.890
8
1988–2014
49

Model 3

0.384***
(0.046)
−0.637
(0.557)
−0.051***
(0.009)
−0.087**
(0.028)
−0.327**
(0.096)
0.997
8
1988–2014
28

−0.200
(0.089)
*

Model 4

−0.171
(0.237)
3.638***
(0.449)
0.143*
(0.063)
−0.010
(0.039)
0.822***
(0.162)
0.803
8
1988–2014
18

−1.513*
(0.654)

Model 5

−1.043**
(0.405)
−0.692*
(0.320)
4.223***
(0.842)
0.263*
(0.112)
0.116*
(0.048)
0.678**
(0.249)
0.693
8
1988–2014
18

Model 6

Panel Dynamic Least Squares (DOLS)

GDP = gross domestic product, PPP = purchasing power parity.
Notes: Data in parentheses indicate standard errors. The regression results were estimated with the FMOLS and the DOLS methods. For the FMOLS, the
regressions were estimated with the following assumptions: panel method (pooled estimation); cointegrating equation deterministics (the constant [level]
and/or trend); and long-run covariance estimates (Bartlett kernel, Newey–West fixed bandwidth). For the DOLS, the regressions were estimated with the
following assumptions: panel method (pooled estimation); cointegrating equation deterministics (the constant [level] and/or trend); and automatic leads
and lags specification (based on Schwarz information criterion, max = *). Long-run variance (Bartlett kernel, Newey–West fixed bandwidth) was used for
coefficient covariances. *** p < 0.01, ** p < 0.05, and * p < 0.1.
Sources: Authors’ calculations using the World Inequality Database. 1988–2014. WID.world (accessed December 3, 2018); and World Bank. 1988–2014.
World Development Indicators. https://databank.worldbank.org/source/world-development-indicators (accessed December 3, 2018).

Adjusted R2
Countries
Years
Observations

Tax revenue (% of GDP)

Oil rents (% of GDP)

Population growth (annual %)

GDP (per capita at PPP)

Trade openness (% of GDP)

Public expenses × Institutional quality

Institutional quality

Public expenses (% of GDP)

Model 1

Panel Fully Modified Least Squares (FMOLS)

Table 5. Public Expenses, Institutional Quality, and Top 1% Income Share
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a mix of direction. It becomes negative and statistically significant (significant at
1%) when we estimated with public expenditure (% of GDP) for both FMOLS
and DOLS; however, it becomes positive and significant at the 5% level when
we estimated with institutional quality and the interaction term between public
expenditure (% of GDP) and institutional quality for the DOLS. The majority of
oil rents (% of GDP) and tax revenue (% of GDP) show only one direction as there
is a negative relationship for oil rents (% of GDP) and a positive relationship for tax
revenue (% of GDP).
Based on our findings, the globalized forces, as explained by trade (% of
GDP), do increase income inequality in the Asia and Pacific countries. Yet, it is
not implied that the benefits from trade globalization go only to the rich or the
top income earners. It is possible that the living standards of poorer citizens also
increase, but not as much as for the rich; therefore, we found the current discontent
with globalization in the Asia and Pacific countries is not as intense as in Europe
and North America. In the most advanced economies (i.e., European and North
American countries), there is a growing belief that globalizing forces are not all
good; both ordinary citizens and policy makers think that life was better in the
old days and that the fruits of globalization might go only to top earners and
the rest of the world (Gray 2017, Willige 2017). According to Shanmugaratnam
(2017), various social trends that have occurred in the advanced economies over
the last few decades could explain this phenomenon, including stagnant wages, an
overall decline in social mobility, a loss of sense of togetherness, and a growing
mentality of “us against them.” The estimated results are verified by the Kuznets
inverted-U hypothesis. GDP per capita is likely to increase income inequality
during the first stage of economic development but decrease it in the long run.
According to Blancheton and Chhorn (2019), this result confirms the fact that there
is a rising number of people joining the global middle-income class, thanks to an
increase in the living standards of people in Asia and the Pacific, especially in
India and the PRC, which together account for 36.4% of the global population. The
global middle-income class is defined as follows: “[T]hose households with daily
expenditures between $10 and $100 per person at PPP. This excludes those who are
considered poor in the poorest advanced countries and rich in the richest advanced
countries” (Mahbubani 2014, 23). Because rapid demographic growth has enabled
strong economic growth, especially in the Asia and Pacific countries, an increase in
population has not led to an increase in income inequality. Meanwhile, higher oil
rents and higher tax revenue, respectively, decrease and increase income inequality.
Public expenditure (% of GDP) is found to be negative and statistically
significant. The estimated value of cointegrating coefficients varies between
−0.2552 (significant at 5% for FMOLS) and −0.20004 (significant at 10% for
DOLS). Institutional quality is found to be negative and statistically significant
with a coefficient of 1.5132 (significant at 10%) only if we estimated with DOLS.
When we estimated with the interaction term between public expenditure (% of
GDP) and institutional quality, we also found negative and significant coefficients
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for both FMOLS and DOLS. The results suggest that whenever the Asia and Pacific
countries improve their institutional quality enough, higher public expenditures are
likely to reduce income inequality.
Compared to countries in Europe and North America, the Asia and Pacific
countries have relatively weaker institutional quality. However, as discussed in the
previous section, it is likely that better institutional quality does not guarantee a
more equal society, or at least weaker institutional quality is not an obstacle to
promote the welfare of lower-income citizens. In the modern age of a global single
market, even with less effective governance and institutions, some giant or big
economies are still able to attain economic growth that is sufficient to allow millions
of poor to become middle-income families. For instance, it has been said that the
PRC grows because of its government, driven by strong public intervention, while
India grows despite its government, driven by market forces even with less effective
governance (Mahbubani 2014). Rising trade openness and economic growth in
these economies might lead to higher inequality overall, but strong government
intervention, through public spending and subsidies, as well as robustly rising
incomes help to promote significantly the poor’s living standard. In the same way,
with impressive progress in higher education and research and development, along
with rising social mobility, some authors argue that “The American Dream Is Alive.
In China” (Hernández and Bui 2018). Considering institutional and political factors
in our study, it might be relevant to review the theory of the founding father of
economic reform in the PRC, Deng Xiaoping, who said the following: “It doesn’t
matter whether the cat is black or white, as long as it catches mice” (Li 1977, 107).
Therefore, it does not matter whether it is democracy or communism, but whether
the political institutions target the majority of the people, especially the poor and
the more vulnerable.
B.

Granger Causality Tests

Many studies have emphasized that income inequality hurts economic
growth, which then leads to greater demand for redistribution through public
expenditure and taxes in many societies (Kennedy et al. 2017, Tanninen 1999). This
may cause the reverse effect between public expenditure and income inequality.
The same logical reasoning is also applied for institutional quality. For example,
the interaction of political and income inequality may play a part in blocking the
adoption of good institutions (Chong and Gradstein 2007). To address this issue,
the Granger causality tests can be statistically applied to estimate whether public
expenditure may influence income inequality or vice versa.
In this paper, we used the pairwise Granger causality tests (Granger 1969).
We thus estimated the bivariate regressions of the following form:
yt = α0 + α1 yt−1 + · · · + αl yt−l + β1 xt−1 + · · · + βl xt−l + εt

(6)

xt = α0 + α1 xt−1 + · · · + αl xt−l + β1 yt−1 + · · · + βl yt−l + εt

(7)
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Table 6. Tests for Granger Noncausality between Public Expenses
and Institutional Quality and the Top 1% Income Share
Explanatory Variable (x)
Public expenses (% of GDP)
Top 1% income share
Public expenses (% of GDP)
Institutional quality
Countries
Years

Dependent Variable (y)

Obs

F-Statistic

Prob

Top 1% income share
Public expenses (% of GDP)
Institutional quality
Public expenses (% of GDP)
8
1988–2014

150

1.591
1.339
0.649
6.642***

0.207
0.265
0.526
0.002

69

GDP = gross domestic product.
Notes: The null hypothesis is that the explanatory variable (x) does not cause the dependent variable (y).
***
p < 0.01, ** p < 0.05, and * p < 0.1.
Sources: Authors’ calculations using the World Inequality Database. 1988–2014. WID.world (accessed
December 3, 2018); and World Bank. 1988–2014. World Development Indicators. https://databank.
worldbank.org/source/world-development-indicators (accessed December 3, 2018).

where l is a lag length, which corresponds to reasonable beliefs about the longest
time over which one of the variables could help predict the other (Granger 1969).
From equations (6) and (7), dependent variable y can cause explanatory variable x
and, at the same time, explanatory variable x can cause dependent variable y.
The joint null hypotheses of the model are as follow: “y does not
Granger-cause x” and “x does not Granger-cause y.” We can reject the null
hypothesis if the F-statistics, which are the Wald statistics for the joint hypothesis,
have a reported p-value at the 1%, 5%, or 10% level of significance.
Table 6 presents the results of Granger noncausality tests between public
expenditure (% of GDP) and institutional quality and the top 1% income share in
all the Asia and Pacific countries in our dataset. We have no evidence that public
expenditure (% of GDP) influences the top 1% income share. It is identical that the
influence of the top 1% income share cannot be used to forecast public expenditure
as a share of GDP. In the case of institutional quality, we also do not have enough
evidence to emphasize that the top 1% income share drives institutional quality;
however, we have enough evidence at the 1% level of significance to reject the null
hypothesis (i.e., institutional quality would forecast the public expenditure as a share
of GDP).
V. Robustness Checks
A.

Nonlinearity Analysis

Though government intervention and institutional factors linking to income
inequality seem to be linear, the relationship may be generated by different
mechanisms at different levels of government intervention and institutional
factors. This can lead to thinking about a nonlinear analysis. We included the
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nonlinear analysis into the methodology, following the studies of Tan and Law
(2012), predicting a hump or inverted U-shaped relationship between income
inequality and financial factors in line with Shahbaz et al. (2015), studying the
Kuznets curve between financial development and income inequality in line with
Rojas-Vallejos and Turnovsky (2017), and exploring the nonlinear relationship
between tariff reductions and income inequality. The square term of the explanatory
variable is included into the equation as follows:2
inequalityit = αi + β1 expenseit + β1∗ expense2it + β2 tradeit + β3 gdpit
+ β4 popit + β5 oilit + β6 taxit + ηit + θt + εit

(8)

From equation (8), the U-shaped nonlinear relationship between public
expenditure and inequality predicts β1 < 0 and β1∗ > 0; however, the inverted
U-shaped nonlinear relationship predicts β1 > 0 and β1∗ < 0. This is also applied
for the institutional quality.
Table 7 shows the estimated results from the FMOLS and DOLS estimations.
We followed the same identification strategy as a linear approach in the previous
section. We estimated public expenses (% of GDP) and its square value by
introducing the control variables in our regression. It is also applied for institutional
quality. The long-run variance estimates—Bartlett kernel, Newey–West fixed
bandwidth—were used for coefficient covariances for both the FMOLS and DOLS
estimations. We also took pooled estimation as panel method and fixed leads and
lags specification to address possible endogeneity and serial correlation as discussed
above for FMOLS. For the DOLS estimation, the pooled estimation as panel method
and automatic leads and lags specification were estimated. The first leads and lags
of the first differences of control variables are estimated as instruments for the
explanatory variables.
According to the estimated results, public expenditure shows positive and
statistically significant cointegrating coefficients at the 1% level for FMOLS and at
the 10% level for DOLS. Its square value shows negative and statistically significant
cointegrating coefficients at the 1% level for FMOLS and at the 10% level for
DOLS. The institutional quality also shows the same direction of coefficient,
although the significance level is different. Linking together, we obtained thus the
inverted U-shaped nonlinear relationship of public expenditure and institutional
quality on income inequality. More precisely, at the early stage of institutional
development, a country whose economy has experienced higher public expenditure
generates rising income inequality; then, in the long run when the country improves
its institutional quality, the higher public expenditure results in lower income
inequality.
2
We also applied the same identification strategy by using institutional quality (instiit ) and square institutional
quality (insti2it ) as explanatory variables.
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Table 7. Nonlinearity Analysis of Public Expenses, Institutional Quality,
and the Top 1% Income Share
Panel Fully Modified
Least Squares (FMOLS)
Model 1
Public expenses (% of GDP)
Public expenses (% of GDP), squared

Institutional quality, squared

GDP (per capita at PPP)
Population growth (annual %)
Oil rents (% of GDP)
Tax revenue (% of GDP)
Adjusted R2
Countries
Years
Observations

0.053***
(0.019)
−0.673***
(0.243)
−1.497
(1.598)
−1.670**
(0.748)
0.344
(0.251)
0.469
8
1988–2014
106

Model 3

Model 4

*

0.417
(0.979)
−0.117***
(0.022)

Institutional quality

Trade openness (% of GDP)

Model 2

***

Panel Dynamic Least
Squares (DOLS)
0.109
(0.312)
−0.319*
(0.089)

0.882***
(0.181)
−0.322*
(0.182)
0.049***
(0.013)
0.825***
(0.140)
−1.958***
(0.733)
0.473
(0.328)
0.089
(0.138)
0.964
8
1988–2014
92

0.672**
(0.152)
−0.227*
(0.711)
−1.963
(1.987)
−0.281**
(0.535)
0.870*
(0.235)
0.724
8
1988–2014
16

0.328
(1.196)
−0.251***
(0.652)
0.030
(0.025)
−0.138**
(0.508)
0.96***
(0.298)
−0.208
(0.244)
0.372***
(0.040)
0.997
8
1988–2014
35

GDP = gross domestic product, PPP = purchasing power parity.
Notes: Data in parentheses indicate standard errors. The regression results were estimated with the FMOLS
and the DOLS methods. For the FMOLS, the regressions were estimated with the following assumptions:
panel method (pooled estimation); cointegrating equation deterministics (the constant [level] and/or trend); and
long-run covariance estimates (Bartlett kernel, Newey–West fixed bandwidth). For the DOLS, the regressions
were estimated with the following assumptions: panel method (pooled estimation); cointegrating equation
deterministics (the constant [level] and/or trend); and automatic leads and lags specification (based on Schwarz
information criterion, max = *). Long-run variance (Bartlett kernel, Newey–West fixed bandwidth) was used
for coefficient covariances. *** p < 0.01, ** p < 0.05, and * p < 0.1.
Sources: Authors’ calculations using the World Inequality Database. 1988–2014. WID.world (accessed
December 3, 2018); and World Bank. 1988–2014. World Development Indicators. https://databank.worldbank.
org/source/world-development-indicators (accessed December 3, 2018).

B.

Alternative of Measuring Inequality

Although this study brings new insight into the thinking of inequality using
a new measurement of the top income segment, it may face bias in that the top 1%
income share cannot capture the effect of public spending and institutional quality
in promoting the economic opportunity of the poor and the middle-income class.
To see the complete picture, we also used the SWIID (version 8.2) as the robustness
check (Solt 2019). Notice that the SWIID is the Gini index of inequality in the
equalized household market (pretax, pretransfer income).3
3

For details, see Fredrick Solt. “Using the SWIID in Stata.” https://osf.io/tj7ck/download.
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We applied the same identification strategy for both the linear and nonlinear
long-run approaches for the estimations of the top 1% income share. In Table 8,
we estimated separately public expenditure and institutional quality, the squares
of public expenditure and institutional quality, and the interaction term between
public expenditure and institutional quality. We obtained higher values for adjusted
R-squared and the number of observations. This is likely due to having a more
complete SWIID database compared to the top 1% income share. The SWIID
dataset is available for nearly all of our eight sample countries in Asia and the
Pacific.
We obtained nearly similar results as estimating with the top 1% income
share, considering the direction and significance level of the cointegrating
coefficients. We presumed therefore that public expenditure and institutional quality
drive inequality reduction, and that the effects follow the inverted U-shaped
nonlinear relationship in the long run.
VI.

Conclusion

Inequality has indeed mattered not only in the past but also in the present and
the future. Therefore, the legitimacy of this issue has always been in the equation.
Many studies have linked inequality to government intervention and institutional
quality, but most of them were not quantitatively estimated to understand the
long-run equilibrium relationship. Thus, the main objective of our paper is to
examine the significance of such a long-run relationship, in both linear and
nonlinear analysis, by applying the strength of FMOLS and DOLS, as well as
the Granger causality tests. We used a dataset for eight countries in Asia and
the Pacific—Australia, India, Japan, Malaysia, the PRC, the Republic of Korea,
Singapore, and Thailand—from 1998 to 2014.
As reported by our estimated results, there are negative long-run,
steady-state effects of government intervention (measured by public expenditure
as a share of GDP) and institutional quality (measured by the WGI) on income
inequality (measured by the top 1% income share in the World Inequality Database
first developed by Piketty and Zucman [2014]) in the sample countries in Asia
and the Pacific. The effect of institutional quality has only a one-way Granger
causality link to income inequality. The existence of a nonlinear relationship
between public expenditure and institutional factors linking to income inequality is
also found. It implies that, at the early stage of institutional development, a country
whose economy has experienced higher public expenditure generates rising income
inequality; then, in the long run when a country improves its institutional quality,
the higher public expenditure results in lower income inequality. The findings also
suggested a nonlinear relationship in the long run when we estimated results with
the Gini index of inequality of the SWIID (version 8.2).
To develop a full picture of how government intervention and institutional
factors influence inequality in the long run, additional studies are needed. Firstly,

−0.414***
(0.056)

0.304***
(0.022)
1.107***
(0.066)
−0.013
(0.020)
−0.041***
(0.012)
0.218***
(0.035)

−0.044**
(0.0197)
0.297***
0.047***
0.026*
(0.026)
(0.012)
(0.013)
1.192***
0.920***
3.022*
(0.086)
(0.272)
(1.548)
−0.005
1.874
0.303
(0.022)
(1.566)
(0.760)
−0.039*** −0.524*
−0.516
(0.013)
(0.305)
(0.350)
0.229***
0.003
0.0240
(0.041)
(0.114)
(0.102)

0.512***
(0.143)
−1.214
(1.736)

0.984
0.499
0.485
0.960
0.977
0.989
0.990
0.990
0.993
0.987
8
8
8
8
8
8
8
8
8
8
1988–2014 1988–2014 1988–2014 1988–2014 1988–2014 1988–2014 1988–2014 1988–2014 1988–2014 1988–2014
121
65
65
127
107
65
36
36
60
88

0.150
(0.102)
0.696
(0.810)
0.056
(0.056)
−0.0266
(0.160)
−0.006
(0.693)

−0.046**
(0.018)

0.327*
(0.167)
−0.087*
(0.049)

Panel Dynamic Least Squares (DOLS)
Model 7
Model 8
Model 9 Model 10

GDP = gross domestic product; PPP = purchasing power parity.
Notes: Data in parentheses indicate standard errors. The regression results were estimated with the FMOLS and the DOLS methods. For the FMOLS, the regressions were estimated
with the following assumptions: panel method (pooled estimation); cointegrating equation deterministics (the constant [level] and/or trend); and long-run covariance estimates
(Bartlett kernel, Newey–West fixed bandwidth). For the DOLS, the regressions were estimated with the following assumptions: panel method (pooled estimation); cointegrating
equation deterministics (the constant [level] and/or trend); and automatic leads and lags specification (based on Schwarz information criterion, max = *). Long-run variance (Bartlett
kernel, Newey–West fixed bandwidth) was used for coefficient covariances. *** p < 0.01, ** p < 0.05, and * p < 0.1.
Sources: Authors’ calculations using the World Inequality Database. 1988–2014. WID.world (accessed December 3, 2018); and World Bank. 1988–2014. World Development
Indicators. https://databank.worldbank.org/source/world-development-indicators (accessed December 3, 2018).

Adjusted R–squared
Countries
Years
Observations

−0.412***
(0.056)
−0.107**
0.026**
0.040***
(0.052)
(0.011)
(0.010)
2.616***
0.670***
3.711**
(0.272)
(1.577)
(1.446)
−0.006
0.945
0.141
(0.036)
(0.733)
(0.693)
0.013
−0.590** −0.245
(0.011)
(0.272)
(0.216)
0.466***
0.034
0.135
(0.131)
(0.138)
(0.118)

0.649***
(0.153)
−0.276*
(0.156)

−0.064
(0.945)

−1.508***
(0.502)
0.032**
(0.013)

−0.087***
(0.027)

0.116*** −0.096*
(0.015)
(0.049)
2.037***
GDP (per capita at PPP)
0.276**
(0.105)
(0.237)
Population growth (annual %)
0.024*** −0.038
(0.006)
(0.033)
0.019**
Oil rents (% of GDP)
−0.036***
(0.007)
(0.010)
Tax revenue (% of GDP)
0.033
0.312***
(0.033)
(0.113)

Public expenses × Institutional
quality
Trade openness (% of GDP)

Institutional quality, squared

Public expenses (% of GDP),
squared
Institutional quality

Public expenses (% of GDP)

Model 6

Panel Fully Modified Least Squares (FMOLS)
Model 1
Model 2
Model 3
Model 4
Model 5

Table 8. Public expenses (% of GDP), Institutional Quality, and Inequality by SWIID version 8.2
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it might be possible to use other tools of public intervention through government
expenditure at a more disaggregated level, which are extensively studied in
short- and medium-run analyses. Secondly, we could compare the Asia and Pacific
countries to other countries like those in Latin America that have had similar
economic and political development paths. Finally, while using the average values
of the WGI, we have not taken a closer look at their six subcategories because each
dimension can be subject to a different explanation of inequality. While the average
score of the WGI is higher, it does not mean that these subcategories are all equally
higher. It should thus be subject to further investigation as institutional quality at
the very first level of aggregation might not be rational enough to differentiate its
effect.
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Appendix
Table A.1. Control Variable Definitions and Sources
Variable
Trade (% of
GDP)

Description and ID

Trade is the sum of exports and imports
of goods and services measured as a
share of gross domestic product. ID:
NE.TRD.GNFS.ZS
GDP per capita based on PPP is GDP
GDP per
converted to international dollars
capita at
using PPP rates. An international
PPP
dollar has the same purchasing power
(current
over GDP as the US dollar has in the
international
United States. GDP at purchaser’s
US dollars)
prices is the sum of gross value added
by all resident producers in the
economy plus any product taxes and
minus any subsidies not included in
the value of the products. It is
calculated without making deductions
for depreciation of fabricated assets or
for depletion and degradation of
natural resources. Data are in current
international dollars based on the 2011
ICP round. ID: NY.GDP.PCAP.PP.CD
Population
Annual population growth rate for year t
growth
is the exponential rate of growth of
(annual %)
midyear population from year t − 1 to
t, expressed as a percentage.
Population is based on the de facto
definition of population, which counts
all residents regardless of legal status
or citizenship. ID: SP.POP.GROW

Sources
World Bank national accounts data,
OECD national accounts data files

World Bank ICP database

Derived from total population.
Population source: (1) United Nations
Population Division. World Population
Prospects: 2019 Revision, (2) Census
reports and other statistical
publications from national statistical
offices, (3) Eurostat: Demographic
Statistics, (4) United Nations
Statistical Division. Population and
Vital Statistics Report (various years),
(5) US Census Bureau: International
Database, and (6) Secretariat of the
Pacific Community: Statistics and
Demography Programme.
Continued.
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Table A.1. Continued.
Variable

Description and ID

Sources

Oil rents (%
of GDP)

Oil rents are the difference between the
value of crude oil production at world
prices and total costs of production.
ID: NY.GDP.PETR.RT.ZS

Tax revenue
(% of GDP)

Tax revenue refers to compulsory
transfers to the central government for
public purposes. Certain compulsory
transfers such as fines, penalties, and
most social security contributions are
excluded. Refunds and corrections of
erroneously collected tax revenue are
treated as negative revenue. ID:
GC.TAX.TOTL.GD.ZS

Estimates based on sources and methods
described in World Bank. 2011. The
Changing Wealth of Nations:
Measuring Sustainable Development
in the New Millennium. Washington,
DC.
International Monetary Fund,
Government Finance Statistics
Yearbook and data files, and World
Bank and OECD GDP estimates.

GDP = gross domestic product, ICP = International Comparison Program, PPP = purchasing power parity, OECD
= Organisation for Economic Co-operation and Development, US = United States.
Sources: Authors’ calculations using the World Inequality Database. 1988–2014. WID.world (accessed December
3, 2018); and World Bank. 1988–2014. World Development Indicators. https://databank.worldbank.org/source/
world-development-indicators (accessed December 3, 2018).

Table A.2. Pairwise Correlation among Control Variables
trade
Trade (% of GDP) [trade]
Significance level
Observation
Per capita GDP (at PPP) [gdp]
Significance level
Observation
Population growth (annual %) [pop]
Significance level
Observation
Oil rents (% of GDP) [oil]
Significance level
Observation
Tax revenue (% of GDP) [tax]
Significance level
Observation

gdp

pop

oil

tax

1
216
0.4*
0.0
200
0.4
0.5
216
0.3
0.3
173
0.1
0.4
191

1
200
−0.02
0.8
200
−0.1
0.1
161
0.4*
0.0
179

1
216
0.4*
0.0
173
0.2*
0.01
191

1
173
0.1
0.3
148

1
191

GDP = gross domestic product, PPP = purchasing power parity.
Note: * 1% level of significance.
Sources: Authors’ calculations using the World Inequality Database. 1988–2014. WID.world
(accessed December 3, 2018); and World Bank. 1988–2014. World Development Indicators. https:
//databank.worldbank.org/source/world-development-indicators (accessed December 3, 2018).
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Table A.3. Variance Inflation Factor among Control
Variables
Variable

VIF

1/VIF

Public expenses (% of GDP)
Tax revenue (% of GDP)
Per capita GDP (at PPP)
Population growth (annual %)
Oil rents (% of GDP)
Trade (% of GDP)
Mean VIF

5.7
4.6
4.4
3.95
3.2
2.4
4.04

0.2
0.2
0.2
0.3
0.3
0.4

GDP = gross domestic product, PPP = purchasing power parity,
VIF = variance inflation factor.
Note: Top 1% income share is used as dependent variable.
Sources: Authors’ calculations using the World Inequality Database.
1988–2014. WID.world (accessed December 3, 2018); and World Bank.
1988–2014. World Development Indicators. https://databank.worldbank.
org/source/world-development-indicators (accessed December 3, 2018).

Table A.4. List of Countries
Region

Income Status

Institutional
Status

East Asia and Pacific
East Asia and Pacific
South Asia
East Asia and Pacific
East Asia and Pacific
East Asia and Pacific
East Asia and Pacific
East Asia and Pacific

High income
Upper-middle income
Lower-middle income
High income
High income
Upper-middle income
High income
Upper-middle income

Strong quality
Weak quality
Weak quality
Strong quality
Strong quality
Strong quality
Strong quality
Weak quality

Country
Australia
People’s Republic of China
India
Japan
Republic of Korea
Malaysia
Singapore
Thailand
Source: Authors’ compilation.

Table A.5. Eight Countries in Asia and the Pacific
Obs Mean Median Max
Top 1% income share
Public expenses (% of GDP)
Institutional quality
Trade openness (% of GDP)
GDP per capita
Population growth
Oil rents (% of GDP)
Tax revenue (% of GDP)

178
205
152
216
200
216
173
191

12.0
17.0
0.6
106.7
4.1
1.3
1.5
14.2

10.6
15.8
0.5
54.9
4.2
1.2
0.9
13.7

Min Std Dev Skewness Kurtosis

23.5
0.0
26.8 10.8
1.7 −0.6
439.7 13.3
4.9
3.0
5.3 −1.5
9.6
0.0
24.9
8.1

4.6
4.1
0.8
109.1
0.5
0.9
1.9
4.2

1.0
1.0
−0.0
1.6
−0.6
0.8
1.9
0.9

3.3
3.1
1.5
4.3
2.6
4.5
2.0
3.1

GDP = gross domestic product.
Notes: Asia and the Pacific comprises Australia, India, Japan, Malaysia, the People’s Republic of China, the Republic
of Korea, Singapore, and Thailand. Data are from 1988 to 2014.
Sources: Authors’ calculations using the World Inequality Database. 1988–2014. WID.world (accessed December
3, 2018); and World Bank. 1988–2014. World Development Indicators. https://databank.worldbank.org/source/
world-development-indicators (accessed December 3, 2018).

Social Capital and Innovation in East Asia
Seo-Young Cho∗

This paper investigates the relationship between social capital and innovation in
high-performing East Asian economies. Rapid economic growth and innovation
in these economies contradicts the presumed positive link between social
trust and innovation suggested in the literature, as these economies are often
characterized as low-trust societies. The results of the multilevel analyses
conducted in this paper show that social trust among individuals is not a
driving force of innovation in East Asia. Instead, other elements of social
capital—shared social norms of supporting collective developmental goals and
trust in formal institutions—are more important determinants of innovation.
This finding reveals the region-specific developmental path of East Asia—states
set innovation and growth as common goals for society and played an active role
in initiating and coordinating efforts to achieve them.
Keywords: High-performing East Asian economies, innovation, institutions,
social capital
JEL codes: L26, N15, O31, O43

I. Introduction

According to Coase (1960), social trust—generalized trust or trusting broad
ranges of other people—can promote innovation because it reduces transaction
costs among economic players. This argument is further elaborated by the school
of social capital (Putnam 2000, Fukuyama 1995). In explaining the role of social
trust, Fukuyama (1995) introduced the concept of high- and low-trust societies,
distinguished by the extent of trust clusters. In high-trust environments, trust-based
relationships exist between a large number of social actors so that individuals with
a broad spectrum of backgrounds can socialize and cooperate with one another.
On the other hand, in low-trust milieus, trust remains in families and friends
and therefore interactions and cooperation with unrelated people are limited. As
generalized trust with strangers (high-trust cluster, i.e., social trust) can facilitate
sharing valuable information and knowledge with a wide range of entrepreneurs
and economic actors, it plays an important role in innovation through learning
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spillovers in society (Welter 2012). Therefore, high-trust economies are likely to
foster innovative entrepreneurship and economic growth.
However, when one considers high-performing East Asian economies, this
presumed link between social trust and innovation becomes puzzling. East Asian
economies—especially the People’s Republic of China (PRC); Taipei,China; and
Hong Kong, China; as well as Singapore, which has an ethnic Chinese majority,
but also the Republic of Korea to some degree—are often defined as having
low-trust societies because personal ties based on family values tend to overshadow
broader social networks and generalized trust (Fukuyama 1995). In spite of
this, East Asian economies have achieved a high level of innovation which
has contributed to their rapid growth in the last several decades. For instance,
the Global Innovation Index (GII) (Cornell University, INSEAD, and WIPO
2014–2018), which evaluates inputs and outputs of innovation of countries and
economies worldwide, ranks East Asian economies ahead of most others in terms
of innovation in technological and knowledge development. Singapore was ranked
5th; the Republic of Korea 12th; Hong Kong, China 14th; and the PRC 17th out of
126 economies evaluated in 2018 (in addition, Japan was ranked 13th). Moreover,
these economies are characterized as early adopters of innovation outcomes such as
information technologies, online games, and new medical treatments.
This puzzle exhibited by these East Asian economies provides the motivation
to reevaluate the relationship between social trust and innovation. The central
question here is how the presumably low-trust East Asian economies have
played lead roles in building innovation economies. One potential answer to this
conundrum is that the relationship between social trust and innovation differs in
East Asia compared to others, with social trust not necessarily playing an important
role in innovation in the East Asian context.
Let us consider the East Asian economies’ development paths, where
innovation was led by the states during the period of fast economic growth.
The state played the role of an entrepreneur and participated in markets as the
main actor (Gulati 1992, Moon and Prasad 1994). The state’s role contrasts with
the industrialization path taken by Western economies that was mainly led by
individual entrepreneurs. Under the collective leadership of the state, the role
of social trust in innovation can be different from the one observed in Western
economies. Because of state-mediated cooperation among individual entrepreneurs
and knowledge and technology spillovers in East Asia, the level of trust between
individual entrepreneurs may not be as important as in Western economies. Instead,
social norms and values can be more crucial determinants of innovation, such as
the degree to which individual entrepreneurs share collective goals of development
and accept the modes of development proposed by the state. Likewise, trust in
institutions that set up common goals and coordinate economic activities can
be an equally important factor in encouraging individual stakeholders to support
innovation.
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In this regard, shared social norms and institutional trust are proposed as the
elements of social capital that play the key role of contributors to innovation in East
Asia instead of social trust. With this proposition, this paper aims to empirically
examine how social norms and institutional trust promote innovation in East Asia
by borrowing concepts from social capital theory and disentangling dimensions of
social capital to ascertain their roles in innovation. To do so, the study conducts
multilevel analyses through which the relationships between different components
of social capital and innovation are identified in the six high-performing East
Asian economies (Hong Kong, China; Japan;1 the PRC;2 the Republic of Korea;
Singapore;3 and Taipei,China). The findings of this paper suggest that social trust
is not an important determinant of innovation in East Asia, while its positive effect
on innovation is generally supported in other parts of the world. Instead of social
trust, the findings highlight the importance of social norms and institutional trust,
as hypothesized above. In particular, social norms that endorse the shared societal
goal of growth primacy and competition- and performance-based incentives are the
prime drivers of innovation in East Asia. These results contribute a new piece of
evidence in explaining East Asian development by emphasizing competition-based
innovation (instead of innovation based on cooperation as proxied by social trust).
The paper is organized as follows. Section II provides a literature review
and presents testable hypotheses. In section III, social capital is decomposed
into different dimensions and each component is explained. In section IV, the
hypotheses are tested across the economies, followed by an analysis at the individual
level presented and discussed in section V. Section VI recaptures the main findings
and concludes the paper.
II. Literature Review and Articulation of Hypotheses

In the social capital literature, many studies emphasize social trust as an
important determinant of innovation and growth (Akcomak and ter Weel 2009;
1
Japan has been a developed country since the early 20th century, which is significantly earlier than
its neighboring newly industrialized economies—Hong Kong, China; the Republic of Korea; Singapore; and
Taipei,China. Nevertheless, Japan is included in the analyses because it was the lead economy engineering East Asian
growth, followed by the newly industrialized economies and the PRC (“flying geese model”). Also, comparative
analyses between Japan and the other economies presented in section V provide interesting findings that reveal
similarities and differences in the effects of social capital between them.
2
Measuring social trust in the PRC is a particularly challenging task because the World Values Survey data
reveal various levels of social trust in the country depending on the survey year and types of questions. Steinhart
(2012) defines the PRC as an outlier in terms of social trust because of this problem and suggests two plausible
explanations for this: (fluctuating) spillover effects of institutional confidence in answering questions on generalized
trust and problems in measurement validity (i.e., culturally induced response biases).
3
Strictly speaking, Singapore is located in Southeast Asia. But this country is integrated in the analyses of this
paper because it shares developmental and cultural characteristics with the East Asian economies to a considerable
degree: being one of the four tiger economies or newly industrialized economies and having an ethnic Chinese
majority (76% of the total population).
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Beugelsdijk and van Schaik 2005; Dakhli and De Clercq 2004; Hauser, Tappeiner,
and Walde 2007; Horvath 2013; Knack and Keefer 1997; La Porta et al. 1997;
Paldam and Svendsen 2000; and Zak and Knack 2001).4
Nonetheless, the East Asian experience presents an interesting case with
counterevidence to the presumed positive relationship between social trust and
innovation, as their economies grew fast despite lower levels of social trust. This
observation offers an alternative view on the role of social capital. In particular,
social trust may not always be the necessary condition to achieve innovation,
but other types of social capital may emerge as more important and take over
the role of social trust when social trust endowments are not readily available in
society (Horvath 2013). In fact, substantial empirical evidence is provided in the
literature that supports the role of other types of social capital in innovation. In a
cross-country study, Doh and Acs (2010) show that civic norms and institutional
trust promote associated entrepreneurial activities. In another study on firm-level
behaviors, Landry, Amara, and Lamari (2002) propose stakeholders’ participation
and reciprocal norms as crucial social capital assets that determine firms’ decision
to innovate. In addition, Yoon et al. (2015) suggest shared norms as a type of
cognitive social capital that vitalized entrepreneurial efforts in the Republic of
Korea and Taipei,China. Another study on Spain by Molina-Morales and MartínezFernández (2010) also endorses the importance of shared orientations in shaping
policy makers’ and entrepreneurs’ perceptions toward innovation.
As summarized above, the literature gives a special emphasis on social norms
because innovation can be facilitated when society shares supportive norms and
values. Such social norms are probably more important in East Asian economies,
considering that they have upgraded their economic structures from agriculturebased economies to high technology-based innovation economies within only a
few decades under the leadership of the states. Compared to private-led Western
industrialization where trust between individual entrepreneurs and investors were
an important determinant in forming a cooperation for innovation, the essential
elements that supported public-led innovation in East Asia are arguably different.
For economic players in East Asia, it is more crucial to share goals set by the
state and demonstrate collective will toward the goals in order to participate in
entrepreneurial projects sponsored by the state. Hence, social norms of embracing
developmental goals can play a deciding role in stimulating innovation. Similarly,
state-led innovation requires citizens to endorse and support the legitimacy and
leadership of the state as the main economic stakeholder, and therefore the
importance of trust in formal institutions overshadows that of social trust among
individuals in the East Asian economies.
4
Several other studies suggest a more complex relationship between social capital and innovation. Echebarria
and Barrutia (2013) show an inverted U-shape in the effect of social ties on innovation. Pérez-Luño et al. (2011)
propose an interactive effect that social and human capital jointly generate to enhance innovation.
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With these arguments in mind, social norms and institutional trust that reflect
societal recognition of state leadership and common goals are hypothesized as
essential elements of social capital that drive innovation in East Asia. Accordingly,
this paper proposes and empirically tests the following hypotheses:
Hypothesis 1. In high-performing East Asian economies, social trust has no
positive effect on innovation.
Hypothesis 2. In high-performing East Asian economies, social norms that support
the shared goal of development have a positive effect on innovation.
Hypothesis 3. In high-performing East Asian economies, trust in formal institutions
has a positive effect on innovation.
III. Decomposition of Social Capital

To test for the hypotheses articulated above, social capital is decomposed
into different dimensions, distinguishing between social trust, norms, institutional
trust, and others, so that the net effect of each element can be identified. This
paper follows the measurement approach suggested by Scrivens and Smith (2013)
in a study done for the Organisation for Economic Co-operation and Development
(OECD). According to Scrivens and Smith (2013), social capital consists of four
essential dimensions: trust, personal and social networks, cooperative norms and
values, and civic engagement. This classification seizes the concept of social capital
defined by Putnam (1993) and Coleman (1990) who proposed social networks
and shared norms as underlying values of creating social trust and citizens’
participation. Adopted by these two representative scholars of the social capital
school, this concept is widely recognized and used in empirical studies on social
capital.
With this in mind, the empirical model of this paper is designed to account
for each effect of social norms, civil participation, trust, and networks by employing
data from the 4th–6th waves of the World Values Survey (World Values Survey
Association 2005–2014). A special emphasis is placed on social and civic norms
shared by members of society that support collective goals and values toward
development, as hypothesized above. Accordingly, the following questions in the
survey are selected to measure such norms: (i) whether one supports the shared
societal goal of economic growth (growth primacy, answered on a scale of 0 to 1);
(ii) how much one embraces the values of competition and incentive orientation
as modes of achieving goals (competition orientation and acceptance of inequality,
respectively; scale of 1 to 10); (iii) reciprocity for others in society (scale of 1 to 6);
and (iv) tolerance toward social minorities (scale of 1 to 10). Components (i) and
(ii) represent social norms, while (iii) and (iv) reflect civic-mindedness.
Trust, another important dimension of social capital, is further subdivided
into social, personal, and institutional trust. In this analysis, institutional trust is
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hypothesized as a crucial determinant of innovation in East Asia because it can be
more relevant for state-led innovation than trust among individuals. Institutional
trust is measured by degrees of trusting various types of formal institutions that
were asked in the World Values Survey: (i) trust in courts (answered on a scale
of 1 to 4); (ii) trust in parliaments (scale of 1 to 4); and (iii) trust in fairness of
the rules (scale of 1 to 10). Distinguished from institutional trust, social trust is
measured by using the question on how much one trusts other people in general
(scale of 1 to 4). This question captures the level of trust in broadly defined groups
of people. This type of trust can be an asset in forming cooperation with many other
individuals for economic and entrepreneurial activities. In contrast, personal trust
is evaluated through a question on how much one trusts family members, close
friends, and relatives (scale of 1 to 4). Personal trust refers to a limited cluster
of people who can be available for cooperation, which is different from social
trust.
The other decomposed dimension of social capital is networks, which
accounts for the scope of connectivity among individuals. Networks can function
as a tool of imposing informal sanctions and encouraging members to participate
in common activities. Similar to distinguishing social and personal trust, networks
are also separated based on their extent, with each network’s outreach involving
different people and participatory causes: social networks for civil participation
(humanitarian networks) and personal networks for private interests (hobby
networks). The degree of one’s participation in each type of network is measured
by the frequency of participation in the respective network on a 3-point scale from
0 (no participation) to 2 (very frequent participation).
In total, social capital is decomposed into 12 different dimensions. The
binary correlations across the different elements of social capital are all positive
varying from 0.07 to 0.68 (see Appendix 2). These results show that the
decomposed elements of social capital share the same direction, but each variable
includes an independent component to a considerable degree (between 0.32 and
0.93). This finding verifies the empirical justification of distinguishing different
dimensions of social capital and identifying each effect. The descriptive statistics
of the social capital variables can be found in Appendix 1, and the utilization of the
variables in the empirical model is discussed in more detail in section V.
IV. Economywide Aggregate Analysis

Before closely examining the relationship between social capital and
innovation in East Asia at the individual level, an aggregate analysis is conducted
at the level of each national economy to show whether the effects of social capital
are different between East Asia and other parts of the world. If so, the evidence
can be used to support a specific role of social capital in East Asian economic
development.
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Table 1. Aggregate Analysis: The Effects of Social Capital on Innovation
(Cross-economy panel, linear estimation model)
Global Sample (excluding East Asia)
(log) Patent
(1)
Social trust
Social networks
Institutional trust
Growth primacy
Tolerance
(log) GDP per
capita
(log) Population
Economywide
fixed effects
Time effects
Period
Observations
Number of
economies
R2 (within)

(2)

0.052
(0.010)***

0.021
(0.011)*
−0.068
(0.023)***
−0.003
(0.007)
−0.005
(0.009)
0.002
(0.005)
2.091
0.786
(0.541)***
(0.379)**
3.668
2.579
(0.942)***
(1.039)***
Fixed
Fixed
effect
effect
Yes
Yes
2005–2014
897
401
83
78
0.45

0.20

East Asia

Global Innovation Index
(3)

(4)

0.215
(0.051)***

0.178
(0.056)***
−0.249
(0.212)
0.055
(0.046)
−0.038
(0.086)
0.059
(0.042)
6.098
5.776
(0.631)***
(0.663)***
0.836
0.740
(0.511)
(0.538)
Random
Random
effect
effect
Yes
Yes
2014–2017
264
254
54
52
0.35

0.35

(log) Patent
(5)

(6)

−0.031
(0.013)*
0.164
(0.025)***
0.157
(0.023)***
0.090
(0.013)***
0.054
(0.007)***
2.433
3.766
(0.288)***
(0.253)***
5.959
3.901
(2.917)
(1.172)**
Fixed
Fixed
effect
effect
Yes
Yes
2005–2014
91
40
6
6
0.029
(0.031)

0.97

0.98

GDP = gross domestic product.
Notes: Numbers in parentheses are robust standard errors clustered at the economy level. * p < .10, ** p < .05, *** p <
.001.
Source: Author’s estimates.

Table 1 provides the results of the aggregate analysis using panel data from
the GII (Cornell University, INSEAD, and WIPO 2014–2018) and the number
of patents (taken from the World Bank Database) as innovation outputs at the
economy level. The World Values Survey was utilized to measure the aggregate
levels of social capital in each economy. The empirical model used for this analysis
is presented below.
Innovationit = β1 social trustit + β2 social networksit + β3 institutional trustit
+ β4 growth primacyit + β5 toleranceit + β6 GDP pcit
+ β7 populationit + αi + γt + uit

(1)

The aggregate analysis employs a reduced form of using one representative
measurement for each dimension of social capital so that links between social
capital and innovation can be presented without multicollinearity. Accordingly,
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the following variables are encompassed in the model: social trust (trust in other
people in general), social networks (participation in humanitarian organizations),
institutional trust (trust in the parliament), the shared norm of growth primacy
(endorsing growth as the most important societal goal), and tolerance toward
minorities (accepting homosexuals as neighbors). The decomposition analysis
model in section V includes the full set of 12 social capital variables in order to
disentangle the net effect of each element on innovation.
Besides social capital variables, income (gross domestic product per capita)
and population variables enter the model as control variables as they represent
important conditions in each economy that influence innovation. In addition,
time-invariant unobserved heterogeneity in each economy (denoted as αi ) is
accounted for in this model (fixed effects are applied when the dependent variable
is the logarithmic (log) number of patents and random effects when the GII is used
as the dependent variable due to limited variations in the GII scores). The rest of the
unobserved effects is addressed as an error term (uit ), and time effects are controlled
for by using year dummies (t).
As for the dependent variables, two innovation measurements are used in
this model. The first is the (log) number of patent applications of an economy
in a given year. Patents are considered an important indicator of innovation
outputs, and the number of patents is the most frequently used measurement of
innovation in the literature (Knack and Keefer 1997, Zak and Knack 2001). Second,
the knowledge and technology outputs of the GII are taken as an alternative
measurement. This index evaluates multifaceted dimensions of knowledge and
technology including knowledge creation (e.g., patent applications); impact (e.g.,
high technology outputs); and diffusion (e.g., intellectual property receipts). This
measurement is chosen because it focuses on outputs of high technology-based
innovation that are relevant for the scope of this paper.
The period of investigation is 2005–2017 when the dependent variable is
(log) patent applications, because data on social capital variables are available in
the World Values Survey for this period. When the GII serves as the dependent
variable, the analysis includes the period 2014–2017 due to the availability of the
index. The model is estimated using a linear estimation technique.
In Table 1, the results are presented separately for the global sample of
countries (up to 83 countries that were surveyed in the World Values Survey,
excluding the six East Asian economies) and six East Asian high-performing
economies (Hong Kong, China; Japan; the PRC; the Republic of Korea; Singapore;
and Taipei,China). The comparison between the global and East Asian samples
enables us to identify whether the effect of social trust differs in East Asia and
whether social norms and institutional trust play an important role in promoting
innovation.
First, in the global sample, it is evident that social trust has a positive
effect on innovation (both patent applications and the GII). Without considering
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the other components of social capital (columns 1 and 3), increasing social trust by
1 percentage point increases the number of patent applications by 5.2% and the GII
score by 0.2 percentage point. When social networks, institutional trust, the norm
of growth primacy, and tolerance are all included in the model (columns 2 and
4), the effect of social trust decreases but remains positive and significant. Given
that accounting for other compounding effects of social capital reduces the effect
of social trust by 17%–60%, 40%–83% of the total effect of social capital can be
attributed to social trust in the global sample.
However, when the sample is limited to the six East Asian economies, the
results show quite a different outlook. Without controlling for the other components
of social capital, social trust has no effect on innovation (column 5), in contrast to
social trust’s positive effect in the global sample.5 Moreover, its effect on East Asian
innovation becomes negative—although marginally significant at the 10% level—
after accounting for the effects of the other social capital components (column 6).
Instead, social and civic norms, networks, and institutional trust promote innovation
in East Asia, as all of these effects become positive and significant.
This comparison suggests that, as expected, the role of social trust is different
in the East Asian economies than in the rest of the world. The findings presented
in Table 1 support hypotheses 1, 2, and 3 in that the role of social norms and
institutional trust dominates that of social trust in this region. In the following
section, these hypotheses are further investigated by using decomposed data at the
individual level in the six East Asian economies.
V. Decomposition Analysis at the Individual Level
A.

Model

In this section, the relationships between innovation and social capital in
the East Asian economies are further disentangled by employing the full set
of social capital variables. To this end, a decomposition analysis that exploits
individual variations of the variables is conducted for two reasons. First, this
analysis can reveal how individual endowments of social capital influence one’s
attitudes toward innovation, with the evidence contributing to explanations of
behavioral consequences of social capital. Second, the application of individual
data enables the use of finer sets of social capital and innovation measurements
so that a more precise link between each element of social capital and innovation
can be established. In this decomposition analysis, the 6th wave of the World Values
Survey 2010–2014 is used because it provides the largest set of social capital and
innovation measurements.
5
In the East Asian sample, the number of patent applications is employed as the sole dependent variable
because the GII has too few observations.
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Accordingly, 12 variables which mirror various aspects of social capital
are incorporated in the model (instead of the five variables that appeared in the
parsimonious model in the aggregate analysis). As presented in section III, the 12
social capital variables represent social, personal, and institutional trust, social and
civic norms, and social and personal networks. The vector of social capital consists
of the following variables:
Social Capital = {social trust (scale 1–4), personal trust (scale 1–4),
social networks (scale 0–2), personal networks (scale 0–2), trust in
parliaments (scale 1–4), trust in courts (scale 1–4), trust in the fairness
of the rules (scale 1–10), growth primacy (scale 0–1), competition
orientation (scale 1–10), acceptance of economic inequality (scale
1–10), reciprocity (scale 1–6), tolerance (scale 1–10)}
In this model, individual attitudes toward innovation are used as the
dependent variables. These variables reveal the extent to which individuals
value innovation. Six measurements that evaluate the degree of importance and
acceptance of the particular aspects of innovation are selected to compose the set of
dependent variables as presented below:
Innovation = {importance of new ideas and creativity (scale 1–6),
importance of technological development (scale 1–3), importance of
science and technology today (scale 1–10), importance of science and
technology in the future (scale 1–10), acceptance of the statement
“science makes the world better” (scale 1–10), acceptance of the
statement “we depend too much on science” (an antagonistic attitude
toward innovation, scale 1–10)}
Additionally, individuals’ demographic characteristics are included as
control variables in the model following the selection of personal trait variables
suggested in the literature that investigates individual attitudes reflected in
the World Values Survey (Eichhorn 2012; Kistler, Thöni, and Welzel 2015).
They include gender (being a female), age and age2 , marital status, income
level, employment status (self-employed and unemployed), education (university
degree), and an individual’s preference for risk taking. Particularly, an individual’s
preference for risk taking is chosen as a control variable because innovation
involves risky initiatives, therefore such a preference can influence one’s attitudes
toward innovation. Regarding the choice of employment variables, those who are
self-employed are expected to be more willing to recognize innovation, while the
opposite could be true for the unemployed. Additionally, a dummy variable for each
economy is added in the model to account for shared cultural and cognitive frames
(same language, rules, history, collective experience, etc.) among individuals from
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the same economy. Accordingly, the model of the decomposition analysis takes the
form below:



βk social capitalki +
ϕ j x ji +
λm economymi + ui (2)
Innovationi = α +
k

m

j

In equation 2, k denotes each of the 12 social capital variables, j is each
of the nine demographic variables (x), m is each of the six economy dummies,
and i represents each individual (up to 7,462 in total). This model is estimated by
using two regression methods: ordered probit, given the ordered structures of the
dependent variables; and ordinary least squares (OLS) to compute marginal effects.
The results of the linear and nonlinear estimations are presented and compared in
Table 2.
Furthermore, an additional analysis is conducted by exploiting individual
variations within each economy in order to identify economy-specific effects of
social capital and compare their differences across the six economies. In this
within-economy analysis, economywide fixed effects are naturally excluded from
the model, leading the equation to be modified as follows:6


Innovationi = α +
βk social capitalki +
ϕ j x ji + ui
(3)
k

j

In addition, the potential endogeneity of the model is addressed by using
an instrumental variable (IV) approach, for which the instrument for each social
capital variable is the average value of the respective social capital variable of the
same demographic group that shares the same gender and age cohort with individual
i in the same economy (naturally excluding individual i in computing the average
value of the group). The exclusion criteria of the chosen instruments are tested by
two-stage least squares estimations and the results are presented in Appendix 3 (the
first-stage results for the explanatory power of the instruments and the Hansen tests
for the exogeneity of the instruments). The IV estimations produce results that are
qualitatively similar to those of the OLS and ordered probit methods presented in
Table 2. Hence, I will focus on the findings in Table 2 in the following section.
B.

Findings

The results presented in Table 2 show the effects of the 12 social capital
variables in the six East Asian economies. The table highlights the importance of
shared social norms and institutional trust over social trust. Note that when the
dependent variable is “too much dependence on science,” the effects are expected
6
The OLS and ordered probit estimations of equation (2) produce qualitatively identical results (see Table 2).
Thus, a linear method is applied to estimate equation (3) so that the coefficients can be interpreted in a straightforward
way.

Gender
(female)

Acceptance of
inequality
Risk taking

Growth
primacy
Competition
orientation
Tolerance

Trust in
parliaments
Trust in
fairness
Reciprocity

Social
networks
Personal
networks
Trust in courts

Personal trust

Social trust

Table 2.1

−0.169
(0.024)***

0.002
(0.005)

0.058
(0.025)**

−0.015
(0.018)

0.192
(0.026)***

0.110
(0.019)***

0.065
(0.020)***
−0.077
(0.023)***
0.068
(0.012)***
0.064
(0.012)***
−0.020
(0.022)
0.002
(0.021)
0.017
(0.007)***
0.191
(0.013)***
0.093
(0.026)***
0.021
(0.006)***
0.005
(0.005)
0.019
(0.006)***
0.278
(0.012)***
−0.089
(0.026)***

−0.208
(0.029)***

0.002
(0.006)

0.070
(0.030)**

−0.022
(0.021)

0.230
(0.030)***

0.130
(0.022)***

(4)

0.067
(0.021)***
−0.082
(0.025)**
0.074
(0.032)**
0.070
(0.013)***
−0.025
(0.023)
0.002
(0.023)
0.017
(0.007)**
0.205
(0.014)***
0.101
(0.007)***
0.022
(0.007)***
0.005
(0.006)
0.020
(0.006)***
0.302
(0.012)***
−0.101
(0.028)***

New Ideas and Creativity
Ordered Probit
OLS
(1)
(2)
(3)

−0.156
(0.030)***

−0.021
(0.006)***

0.133
(0.030)***

0.124
(0.021)***

0.015
(0.033)

−0.069
(0.021)***

−0.090
(0.023)***
0.006
(0.026)
−0.023
(0.036)
0.025
(0.015)
0.063
(0.025)**
0.091
(0.024)***
−0.001
(0.008)
0.055
(0.014)***
0.152
(0.031)***
0.061
(0.007)***
−0.021
(0.006)***
0.025
(0.006)***
0.0008
(0.013)
−0.149
(0.031)***
−0.066
(0.013)***

−0.010
(0.003)***

0.060
(0.013)***

0.054
(0.009)***

0.005
(0.015)

−0.031
(0.010)***

(8)

−0.040
(0.010)***
0.003
(0.012)
−0.010
(0.016)
0.010
(0.007)
0.027
(0.011)**
0.038
(0.011)***
−0.001
(0.003)
0.021
(0.006)***
0.068
(0.013)***
0.026
(0.003)***
−0.009
(0.003)***
0.010
(0.003)***
0.004
(0.005)
−0.061
(0.013)***

Technological Development
Ordered Probit
OLS
(5)
(6)
(7)

−0.053
(0.025)**

0.011
(0.005)**

0.110
(0.025)***

0.134
(0.019)***

−0.054
(0.028)*

−0.050
(0.019)***

−0.080
(0.020)***
0.043
(0.023)*
−0.034
(0.031)
−0.040
(0.013)***
0.099
(0.022)***
0.022
(0.021)
0.047
(0.007)***
0.012
(0.012)
0.106
(0.026)***
0.090
(0.007)***
0.011
(0.005)**
0.040
(0.006)***
0.001
(0.011)
−0.056
(0.025)**
−0.074
(0.045)*

0.024
(0.009)**

0.201
(0.045)***

0.256
(0.035)***

−0.136
(0.052)***

−0.089
(0.034)***

−0.143
(0.035)***
0.100
(0.040)**
−0.089
(0.055)
−0.072
(0.023)***
0.183
(0.040)***
0.048
(0.038)
0.078
(0.012)***
0.007
(0.021)
0.185
(0.045)***
0.144
(0.012)***
0.022
(0.010)**
0.072
(0.010)***
−0.012
(0.019)
−0.080
(0.045)*
Continued.

Science and Technology Today
Ordered Probit
OLS
(9)
(10)
(11)
(12)
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(4)

Technological Development
Ordered Probit
OLS
(5)
(6)
(7)

Table 2. Continued.

(8)

Science and Technology Today
Ordered Probit
OLS
(9)
(10)
(11)

Age

(12)

−0.029
−0.011
−0.035
−0.012
0.0005
0.004
0.001
0.003
−0.016
−0.016
−0.030
−0.030
(0.005)***
(0.005)**
(0.006)***
(0.006)**
(0.006)
(0.006)
(0.003)
(0.003)
(0.005)***
(0.005)***
(0.009)***
(0.009)***
Age2
0.0003
0.00009
0.0003
0.00009
0.00003 −0.00002
2.32e–06 −0.00002
0.0002
0.0002
0.003
0.0003
(0.0001)*** (0.00006) (0.0001)*** (0.00006) (0.00006) (0.00006) (0.00003) (0.00003) (0.00005)*** (0.00005)*** (0.0001)*** (0.0001)***
Marital status −0.057
0.0006
−0.070
−0.0003
0.040
0.036
0.017
0.017
0.020
0.098
0.208
0.168
(0.034)
(0.039)*
(0.036)
(0.038)
(0.039)
(0.017)
(0.017)
(0.007)***
(0.033)***
(0.059)***
(0.059)***
(0.032)*
Income
0.050
0.028
0.061
0.032
−0.017
−0.028
−0.007
−0.010
0.006
0.012
0.041
0.025
(0.007)***
(0.007)*** (0.008)***
(0.008)*** (0.008)** (0.009)
(0.003)**
(0.004)*** (0.007)***
(0.008)
(0.013)***
(0.014)*
Self-employed
0.119
0.062
0.142
0.069
0.043
0.014
0.018
0.004
0.006
−0.003
0.009
−0.005
(0.047)**
(0.049)
(0.056)**
(0.053)
(0.060)
(0.062)
(0.026)
(0.026)
(0.048)
(0.050)
(0.090)
(0.089)
Unemployed
0.026
0.078
0.024
0.078
−0.006
0.033
−0.002
0.013
−0.037
0.022
−0.092
−0.007
(0.071)
(0.073)
(0.085)
(0.079)
(0.074)
(0.078)
(0.033)
(0.034)
(0.068)
(0.068)
(0.129)
(0.124)
University
0.186
0.144
0.225
0.160
0.031
0.006
0.010
−0.0005
0.073
0.057
0.172
0.146
***
***
***
***
**
*
***
education
(0.030)
(0.034)
(0.033)
(0.036)
(0.037)
(0.016)
(0.016)
(0.029)
(0.030)
(0.052)
(0.052)***
(0.029)
Economywide
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
dummies
Observations
7,446
7,117
7,446
7,117
7,462
7,108
7,462
7,108
7,399
7,071
7,399
7,071
Number of
6
6
6
6
6
6
6
6
6
6
6
6
economies
0.03
0.08
0.09
0.23
0.05
0.06
0.07
0.09
0.02
0.03
0.05
0.10
(pseudo) R2
Continued.

New Ideas and Creativity
Ordered Probit
OLS
(1)
(2)
(3)

Table 2.1 Continued.
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Gender
(female)

Acceptance of
inequality
Risk taking

Growth
primacy
Competition
orientation
Tolerance

Trust in
parliaments
Trust in
fairness
Reciprocity

Social
networks
Personal
networks
Trust in courts

Personal trust

Social trust

Table 2.2

−0.051
(0.025)**

−0.002
(0.005)

0.082
(0.025)***

0.145
(0.019)***

−0.008
(0.027)

−0.059
(0.019)***

−0.096
(0.020)***
0.062
(0.023)***
−0.012
(0.030)
−0.014
(0.013)
0.102
(0.022)***
0.035
(0.022)*
0.047
(0.007)***
0.016
(0.012)
0.080
(0.025)***
0.089
(0.007)***
−0.003
(0.005)
0.030
(0.006)***
−0.002
(0.011)
0.057
(0.025)**

−0.075
(0.046)

−0.001
(0.010)

0.158
(0.047)***

0.281
(0.035)***

−0.043
(0.051)

−0.107
(0.036)***

−0.169
(0.037)***
0.120
(0.041)***
−0.033
(0.055)
−0.031
(0.024)
0.192
(0.041)***
0.076
(0.039)*
0.081
(0.013)***
0.016
(0.022)
0.148
(0.047)***
0.145
(0.012)***
−0.002
(0.010)
0.050
(0.010)***
−0.023
(0.020)
−0.088
(0.046)*

Science and Technology in the Future
Ordered Probit
OLS
(1)
(2)
(3)
(4)

−0.014
(0.025)

−0.002
(0.005)

−0.048
(0.025)*

−0.032
(0.018)*

0.037
(0.025)

−0.027
(0.018)

−0.024
(0.020)
−0.006
(0.023)
0.033
(0.028)
0.010
(0.012)
−0.023
(0.021)
−0.017
(0.021)
0.011
(0.007)
−0.021
(0.012)*
−0.047
(0.025)*
−0.025
(0.007)***
0.0001
(0.005)
0.005
(0.006)
−0.004
(0.011)
−0.024
(0.025)
−0.030
(0.055)

−0.002
(0.012)

−0.105
(0.056)*

−0.074
(0.040)*

0.082
(0.056)

−0.053
(0.041)

−0.048
(0.044)
−0.010
(0.050)
0.069
(0.062)
0.027
(0.028)
−0.053
(0.047)
−0.034
(0.046)
0.025
(0.015)
−0.050
(0.027)*
−0.102
(0.057)*
−0.058
(0.014)***
0.001
(0.012)
0.009
(0.013)
−0.008
(0.025)
−0.055
(0.057)

Too Much Dependence on Science
Ordered Probit
OLS
(5)
(6)
(7)
(8)

Table 2. Continued.

−0.046
(0.024)*

0.003
(0.005)

0.126
(0.025)***

0.169
(0.019)***

−0.089
(0.028)***

−0.032
(0.019)*

−0.078
(0.020)***
0.051
(0.023)**
−0.092
(0.031)***
−0.019
(0.013)
0.076
(0.022)***
0.126
(0.022)***
0.056
(0.007)***
0.046
(0.012)***
0.131
(0.025)***
0.079
(0.007)***
0.004
(0.005)
0.031
(0.006)***
−0.016
(0.011)
−0.052
(0.025)**
−0.049
(0.042)

0.011
(0.009)

0.236
(0.043)***

0.299
(0.033)***

−0.180
(0.050)***

−0.049
(0.033)

−0.126
(0.034)***
0.090
(0.039)**
−0.173
(0.054)***
−0.034
(0.022)
0.134
(0.038)***
0.214
(0.037)***
0.088
(0.012)***
0.064
(0.021)***
0.238
(0.044)***
0.119
(0.011)***
0.013
(0.009)
0.031
(0.006)***
−0.016
(0.011)
−0.052
(0.025)**
Continued.

Science Makes the World Better
Ordered Probit
OLS
(9)
(10)
(11)
(12)
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Too Much Dependence on Science
Ordered Probit
OLS
(5)
(6)
(7)
(8)

Table 2. Continued.
Science Makes the World Better
Ordered Probit
OLS
(9)
(10)
(11)
(12)

Age

−0.019
−0.019
−0.036
−0.037
−0.001
−0.001
−0.003
−0.002
−0.008
−0.008
−0.014
−0.008
(0.005)***
(0.005)***
(0.009)***
(0.009)***
(0.005)
(0.005)
(0.011)
(0.011)
(0.005)
(0.005)
(0.009)
(0.005)
0.0002
0.0002
0.0004
0.0004
0.00002
0.00002
0.00004
0.00004
0.0001
0.0001
0.0002
0.0001
Age2
(0.00005)*** (0.00005)*** (0.0001)*** (0.0001)*** (0.00005) (0.00005) (0.0001) (0.0001) (0.00005)** (0.00005)** (0.0001)** (0.00005)**
Marital status
0.094
0.083
0.175
0.145
0.047
0.051
0.104
0.111
0.072
0.053
0.136
0.053
(0.032)***
(0.033)**
(0.060)***
(0.060)**
(0.032)
(0.032)
(0.072)
(0.073)
(0.032)**
(0.033)
(0.057)**
(0.033)
Income
0.014
0.006
0.033
0.019
−0.008
−0.008
−0.017
−0.018
0.018
0.010
0.038
0.010
(0.007)**
(0.007)
(0.013)**
(0.013)
(0.007)
(0.007)
(0.016)
(0.017)
(0.007)***
(0.007)
(0.012)*** (0.007)
Self-employed −0.031
−0.036
−0.076
−0.085
0.079
0.088
0.176
0.195
0.062
0.063
0.101
0.063
(0.049)
(0.051)
(0.093)
(0.094)
(0.048)*
(0.049)*
(0.107)*
(0.110)*
(0.050)
(0.051)
(0.097)
(0.051)
Unemployed
−0.016
0.050
−0.065
0.030
0.171
0.163
0.380
0.358
−0.032
0.033
−0.066
0.033
(0.070)
(0.069)
(0.136)
(0.131)
(0.067)** (0.068)** (0.149)** (0.150)** (0.068)
(0.070)
(0.121)
(0.070)
University
−0.0003
−0.023
0.020
−0.011
0.039
0.045
0.087
0.10
0.045
0.027
0.095
0.027
education
(0.030)
(0.029)
(0.030)
(0.055)
(0.055)
(0.029)
(0.029)
(0.065)
(0.066)
(0.029)
(0.030)
(0.051)*
Economywide
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
dummies
Observations
7,371
7,051
7,371
7,051
7,170
6,892
7,170
6,892
7,375
7,054
7,375
7,054
Number of
6
6
6
6
6
6
6
6
6
6
6
6
economies
0.01
0.03
0.05
0.09
0.01
0.01
0.05
0.05
0.03
0.05
0.10
0.14
(pseudo) R2
OLS = ordinary least squares.
Notes: Numbers in parentheses are robust standard errors clustered at the individual level. * p < .10, ** p < .05, *** p < .001.
Source: Author’s estimates.

Science and Technology in the Future
Ordered Probit
OLS
(1)
(2)
(3)
(4)

Table 2.2 Continued.
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to stand in opposition to those in the other models because this variable reflects
negative attitudes toward innovation.
First, the decomposition analysis shows no positive effect of social trust
on innovation in general. It even constrains individuals from having positive
attitudes toward technology and science. The only exception is its positive effect
on promoting new and creative ideas. Instead of social trust, personal trust plays
a more positive role in innovation, improving one’s support for technology and
science. However, personal trust negatively affects one’s attitudes toward new ideas
and creativity, which is exactly the opposite effect of social trust. This finding infers
a region-specific aspect of East Asian development, in that innovation has been
facilitated through cooperation between personally connected individuals and thus
personal connectivity is an important driving force. However, personal trust can
also be a hindrance to new ideas and creativity, while social trust is their promoter.
These mixed findings complicate the role of individual trust in East Asia.
In contrast to the mixed results of trust in individuals, trust in formal
institutions has a more robustly positive effect on innovation. All of the three
types of trust in formal institutions stimulate individuals’ positive attitudes toward
innovation—the effects of trust in courts and fairness of the rules are significant in
four out of the six models and the effect of trust in parliaments is significant in three
models. A 10 percentage point increase in trust in courts, parliaments, and fairness
of the rules boosts one’s support for innovation by 9–19.2 percentage points,
12.7–21.4 percentage points, and 2.8–8.8 percentage points, respectively.
More importantly, shared social norms and values produce the most
prominent effects of determining one’s attitudes toward innovation. Particularly,
the norms of growth primacy and competition orientation have robustly positive,
significant effects in all models. Agreeing that economic growth is the main goal
of the economy (growth primacy) increases the level of positive attitudes on
innovation by 1.5–2.4 percentage points and reduces negative perceptions by 1
percentage point. Increasing the degree of accepting the norm of competition by
10 percentage points enhances one’s innovative attitudes by 3.7–14.5 percentage
points. In addition, the acceptance of economic inequality has a positive effect
in five out of the six models—increasing the acceptance level of this norm by 10
percentage points improves one’s supportive attitudes toward innovation by 3.1–7.2
percentage points.
These findings disclose the importance of the shared norm of stimulating
growth through competition and individual efforts in East Asia. The role of social
norms is further evident in the positive effect of reciprocity, which is significant in
four of the six models. Increasing the degree of reciprocity for others in society
by 10 percentage points raises one’s positive attitudes toward innovation by 5–34.2
percentage points. The positive role of social norms found in this analysis provides
an indication that East Asian innovation and growth have been achieved through the
collective will of the society and shared norms toward development. On the other
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hand, the role of networks is limited in explaining innovation in this region. The
effects of social and personal networks are either insignificant or negative. The only
exception is the positive effect of social networks on new ideas and creativity—a
10 percentage point increase in social network participation increases one’s support
for new ideas and creativity by 11.2 percentage points.
Regarding the effects of individual traits, gender is an important determinant
that shapes one’s attitudes toward innovation. Women tend to support innovation
less than men, and this negative effect remains significant with a gender gap
of 0.5–2 percentage points against women after controlling for other individual
differences in characteristics. This gender difference in attitudes toward innovation
may be explained by the limited role women could play in phases of economic
development, which results in fewer opportunities to contribute to innovation (this
is probably true not only in East Asia but also worldwide). In contrast to the
gender effect, the effects of income and education are generally insignificant in
most specifications. Nonetheless, there is some evidence that higher income levels
and university education enhance individuals’ support for new ideas and creativity
and for science and technology. This finding implies that innovation is an outcome
of resourceful environments.
C.

Analysis and Comparisons across the Six East Asian Economies

The results above highlight shared social norms and institutional trust as
crucial determinants of innovation in East Asia. This common finding in the six
economies is further disentangled in this section by identifying economy-specific
heterogeneity in the effects of social capital. Accordingly, the sample is divided
by economy in order to implement within-economy analyses. Table 3 presents the
results estimated by OLS. Overall, there is considerable heterogeneity across the
six economies in the effects of the different types of social norms and institutional
trust.
1.

The People’s Republic of China and Hong Kong, China

Results for the PRC and Hong Kong, China are shown in Table 3.1. In the
PRC, the importance of shared social norms is largely established. However, the
specific types of social norms that are important in the PRC are different from the
common findings in the six economies presented in section V.B. The most crucial
component of social norms that determine attitudes of individuals toward innovation
in the PRC is reciprocity. The effect of reciprocity is significant in all six innovation
models. Increasing the level of reciprocity by 10 percentage points increases
positive attitudes toward innovation by 9.8–49.7 percentage points and decreases
negative perceptions of innovation by 15.7 percentage points. Moreover, the value
of accepting competition as a means to stimulate individual efforts has a generally

Social trust

−0.016
(0.054)
Personal trust
−0.024
(0.057)
Social networks
0.233
(0.132)*
Personal networks
0.172
(0.049)***
Trust in courts
0.134
(0.058)**
Trust in parliaments
−0.041
(0.058)
Trust in fairness
0.027
(0.017)
Reciprocity
0.298
(0.036)***
Growth primacy
0.033
(0.063)
Competition orientation
0.013
(0.016)
Tolerance
−0.023
(0.014)*
Acceptance Inequality
0.022
(0.012)*
Risk taking
0.334
(0.026)***
Gender (female)
−0.115
(0.063)*

Variablesa

New
Idea

−0.041
(0.081)
0.048
(0.082)
−0.061
(0.329)
−0.223
(0.095)**
−0.063
(0.090)
0.238
(0.093)**
0.123
(0.029)***
0.098
(0.049)**
−0.170
(0.093)*
0.094
(0.025)***
0.016
(0.023)
0.020
(0.017)
−0.036
(0.040)
−0.103
(0.091)

−0.111
(0.082)
0.123
(0.082)
−0.399
(0.313)
−0.131
(0.095)
−0.015
(0.087)
0.275
(0.091)***
0.086
(0.030)***
0.122
(0.053)**
−0.347
(0.097)***
0.111
(0.027)***
−0.012
(0.026)
−0.002
(0.018)
−0.060
(0.042)
−0.149
(0.099)

−0.317
(0.131)**
0.082
(0.129)
−0.220
(0.374)
0.239
(0.121)*
−0.205
(0.135)
0.348
(0.134)***
−0.061
(0.042)
−0.157
(0.077)**
−0.098
(0.152)
−0.106
(0.039)***
0.073
(0.037)*
0.015
(0.031)
−0.053
(0.061)
−0.357
(0.149)**

People’s Republic of China
Sci. &
Too
Tech.
Future
Much

0.021
(0.024)
−0.048
(0.023)**
0.068
(0.049)
0.011
(0.017)
−0.003
(0.020)
0.030
(0.024)
0.004
(0.006)
0.054
(0.017)***
−0.007
(0.025)
0.031
(0.007)***
0.003
(0.006)
0.004
(0.004)
−0.028
(0.010)***
−0.065
(0.026)**

Tech.
Dev.
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−0.008
(0.070)
0.010
(0.067)
−0.712
(0.288)**
0.041
(0.065)
−0.032
(0.072)
0.298
(0.077)***
0.123
(0.023)***
0.150
(0.044)***
−0.040
(0.077)
0.048
(0.020)**
0.002
(0.019)
0.010
(0.015)
−0.032
(0.031)
−0.012
(0.078)

World
0.050
(0.063)
−0.114
(0.076)
0.077
(0.080)
0.103
(0.036)***
0.022
(0.061)
0.067
(0.056)
0.035
(0.022)
0.155
(0.039)***
0.090
(0.081)
−0.006
(0.020)
−0.009
(0.017)
−0.006
(0.019)
0.234
(0.031)***
−0.162
(0.083)*

New
Idea
−0.071
(0.032)**
0.015
(0.036)
−0.002
(0.036)
−0.004
(0.018)
0.054
(0.030)*
0.053
(0.026)**
−0.011
(0.009)
0.019
(0.016)
0.050
(0.038)
0.031
(0.009)***
−0.009
(0.008)
0.011
(0.008)
0.020
(0.016)
−0.020
(0.039)

Tech.
Dev.
−0.434
(0.122)***
0.164
(0.135)
−0.038
(0.148)
−0.070
(0.062)
0.166
(0.118)
−0.107
(0.112)
0.107
(0.043)**
0.043
(0.067)
0.059
(0.150)
0.114
(0.037)***
0.036
(0.033)
0.095
(0.035)***
−0.092
(0.062)
0.033
(0.156)

−0.500
(0.123)***
0.192
(0.129)
−0.025
(0.136)
0.001
(0.064)
0.220
(0.116)*
0.066
(0.111)
0.107
(0.041)***
−0.017
(0.066)
0.157
(0.150)
0.062
(0.035)*
−0.010
(0.033)
0.089
(0.033)***
−0.108
(0.062)*
0.075
(0.151)

Hong Kong, China
Sci. &
Tech.
Future
−0.246
(0.126)*
0.122
(0.144)
−0.025
(0.168)
−0.176
(0.074)**
0.023
(0.114)
−0.195
(0.109)*
−0.035
(0.044)
0.062
(0.075)
−0.056
(0.159)
−0.104
(0.040)***
0.018
(0.034)
−0.066
(0.038)*
−0.068
(0.069)
−0.041
(0.161)

Too
Much

−0.134
(0.110)
−0.060
(0.116)
−0.157
(0.140)
−0.089
(0.061)
0.243
(0.104)**
0.348
(0.099)***
0.153
(0.036)***
0.141
(0.063)**
0.115
(0.130)
0.111
(0.034)***
0.026
(0.029)
0.018
(0.031)
−0.121
(0.059)**
0.032
(0.136)
Continued.
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Observation
(pseudo) R2

University education

Unemployment

Self-employed

Income

Marital status

Age2

Age

Variablesa

Table 3.1 Continued.

Tech.
Dev.

−0.005
(0.006)
0.00005
(0.00006)
−0.036
(0.036)
−0.023
(0.007)***
−0.057
(0.087)
−0.019
(0.078)
0.032
(0.035)
1,282
0.07

New
Idea

−0.024
(0.015)
0.0001
(0.0002)
0.090
(0.096)
0.051
(0.019)***
0.142
(0.209)
0.280
(0.218)
0.134
(0.092)
1,299
0.29

0.003
(0.021)
−0.0001
(0.0002)
0.037
(0.136)
−0.029
(0.030)
0.113
(0.329)
0.286
(0.295)
0.051
(0.145)
1,283
0.09

0.025
(0.024)
−0.0003
(0.0003)
−0.046
(0.153)
−0.009
(0.031)
−0.013
(0.385)
0.098
(0.379)
0.084
(0.165)
1,270
0.09

−0.008
(0.035)
−4.79e–06
(0.0004)
−0.079
(0.220)
−0.021
(0.045)
−0.369
(0.471)
1.400
(0.488)***
0.298
(0.222)
1,164
0.06

People’s Republic of China
Sci. &
Too
Tech.
Future
Much
−0.014
(0.018)
0.0001
(0.0002)
0.039
(0.125)
−0.004
(0.023)
−0.068
(0.327)
0.349
(0.298)
−0.025
(0.116)
1,286
0.10

World

New
Idea
−0.002
(0.014)
1.63e–06
(0.0002)
0.012
(0.105)
0.038
(0.023)
−0.282
(0.241)
−0.060
(0.194)
0.242
(0.098)**
890
0.18

Table 3. Continued.

0.002
(0.007)
0.00003
(0.0001)
0.004
(0.046)
−0.009
(0.011)
−0.021
(0.103)
0.071
(0.076)
−0.099
(0.058)*
889
0.09

Tech.
Dev.
−0.041
(0.028)
0.0006
(0.0003)*
0.161
(0.188)
−0.034
(0.045)
−0.094
(0.442)
−0.095
(0.340)
0.210
(0.176)
890
0.09

−0.064
(0.024)***
0.0009
(0.0002)***
0.140
(0.170)
0.012
(0.042)
−0.221
(0.493)
0.081
(0.337)
0.065
(0.185)
890
0.11

Hong Kong, China
Sci. &
Tech.
Future

0.007
(0.030)
−0.0001
(0.0003)
−0.054
(0.195)
0.052
(0.046)
0.396
(0.499)
−0.144
(0.357)
0.425
(0.184)**
889
0.05

Too
Much

World
−0.046
(0.024)**
0.0006
(0.0002)**
0.259
(0.161)
−0.014
(0.042)
−0.003
(0.422)
−0.032
(0.313)
−0.077
(0.164)
887
0.15
Continued.
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Social trust

−0.018
(0.066)
Personal trust
0.027
(0.078)
Social networks
0.154
(0.120)
Personal networks
0.017
(0.034)
Trust in courts
0.162
(0.062)**
Trust in parliaments
0.005
(0.060)
Trust in fairness
−0.009
(0.019)
Reciprocity
0.265
(0.037)***
Growth primacy
−0.027
(0.072)
Competition orientation
0.025
(0.018)
Tolerance
0.016
(0.013)
Acceptance inequality
0.014
(0.019)
Risk taking
0.332
(0.039)***
Gender (female)
−0.179
(0.075)**

Variablesa

New
Idea

−0.05
(0.031)
−0.005
(0.037)
−0.045
(0.068)
0.031
(0.018)*
0.050
(0.030)*
0.045
(0.029)
−0.008
(0.008)
−0.012
(0.016)
0.121
(0.038)***
0.006
(0.008)
−0.008
(0.007)
0.028
(0.008)***
0.010
(0.018)
−0.086
(0.038)**

Tech.
Dev.

Table 3.2 Japan and the Republic of Korea

−0.170
(0.111)
0.151
(0.123)
−0.157
(0.188)
0.008
(0.059)
0.306
(0.102)***
0.083
(0.101)
−0.026
(0.031)
0.077
(0.053)
0.387
(0.119)***
0.112
(0.031)***
0.039
(0.022)*
0.058
(0.030)*
0.062
(0.057)
−0.254
(0.124)**

Future

Japan

−0.053
(0.112)
0.042
(0.130)
−0.022
(0.206)
−0.045
(0.060)
0.219
(0.108)**
0.108
(0.102)
0.004
(0.032)
0.030
(0.055)
0.328
(0.121)***
0.078
(0.033)**
0.051
(0.022)**
0.105
(0.032)***
−0.005
(0.064)
−0.259
(0.127)**

Sci. &
Tech.
0.230
(0.149)
−0.304
(0.176)*
−0.018
(0.286)
0.043
(0.082)
0.120
(0.138)
−0.032
(0.133)
−0.010
(0.045)
0.060
(0.076)
−0.398
(0.164)**
−0.045
(0.042)
−0.078
(0.029)***
−0.045
(0.041)
0.005
(0.087)
0.038
(0.170)

Too
Much

New
Idea

0.161
0.034
(0.105)
(0.057)
−0.136
0.007
(0.131)
(0.065)
−0.333
0.330
(0.213)
(0.086)***
0.058
0.056
(0.054)
(0.032)*
0.293
0.094
(0.103)*** (0.056)*
0.296
0.113
(0.099)*** (0.052)**
0.052
0.029
(0.033)
(0.020)
−0.002
0.109
(0.055)
(0.033)***
0.310
0.074
(0.121)**
(0.072)
0.095
0.021
(0.034)*** (0.019)
0.027
0.012
(0.022)
(0.015)
0.105
0.017
(0.032)*** (0.016)
0.080
0.335
(0.059)
(0.033)***
−0.114
−0.140
(0.121)
(0.074)*

World

Table 3. Continued.

0.001
(0.028)
0.028
(0.032)
−0.102
(0.052)*
0.012
(0.017)
0.102
(0.029)***
−0.036
(0.029)
−0.009
(0.010)
0.027
(0.017)*
0.097
(0.038)**
0.046
(0.010)
−0.011
(0.008)
0.009
(0.008)
0.042
(0.016)***
−0.024
(0.039)

Tech.
Dev.
−0.285
(0.095)***
0.145
(0.105)
−0.143
(0.150)
−0.005
(0.057)
0.252
(0.104)**
0.019
(0.095)
0.100
(0.032)***
0.125
(0.053)**
0.461
(0.117)***
0.173
(0.034)***
−0.021
(0.026)
0.115
(0.030)***
0.093
(0.052)*
−0.156
(0.120)

−0.145
(0.097)
0.093
(0.114)
−0.132
(0.148)
0.019
(0.058)
0.265
(0.104)**
−0.083
(0.093)
0.088
(0.033)***
0.109
(0.054)**
0.468
(0.122)***
0.201
(0.035)***
−0.011
(0.027)
−0.106
(0.031)***
0.087
(0.052)*
−0.111
(0.120)

Republic of Korea
Sci. &
Tech.
Future
−0.090
(0.113)
−0.115
(0.128)
−0.007
(0.181)
0.019
(0.065)
−0.083
(0.115)
−0.088
(0.109)
−0.092
(0.039)**
0.0001
(0.062)
−0.113
(0.141)
−0.039
(0.039)
−0.049
(0.030)
0.041
(0.033)
−0.040
(0.062)
−0.011
(0.144)

Too
Much

World
–0.103
(0.087)
0.038
(0.098)
–0.283
(0.148)*
–0.031
(0.054)
0.290
(0.095)***
–0.018
(0.081)
0.071
(0.029)**
–0.003
(0.052)
0.372
(0.110)***
0.147
(0.031)***
–0.023
(0.025)
0.073
(0.027)***
0.141
(0.050)***
–0.099
(0.106)
Continued.
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New
Idea

Tech.
Dev.

Sci. &
Tech.

Age

−0.042
(0.026)
0.0005
(0.0002)*
0.053
(0.152)
0.013
(0.023)
0.009
(0.181)
0.208
(0.345)
0.073
(0.128)
939
0.09

Future

Japan

0.013
0.012
−0.065
(0.017)
(0.008)
(0.027)**
−0.0001 −0.0001
0.0006
Age2
(0.0002) (0.0001) (0.0003)**
Marital status
0.038
0.007
−0.017
(0.088)
(0.045)
(0.150)
Income
0.003
−0.009
0.012
(0.013)
(0.007)
(0.024)
Self-employed
0.118
−0.071
−0.050
(0.110)
(0.056)
(0.208)
Unemployment
0.343
0.158
0.194
(0.267)
(0.104)
(0.311)
University education
0.016
0.018
0.293
(0.084)
(0.043)
(0.125)**
Observation
969
980
945
0.22
0.08
0.08
(pseudo) R2

Variablesa

Table 3.2 Continued.

−0.037
(0.035)
0.0004
(0.0003)
−0.023
(0.200)
−0.054
(0.030)*
0.760
(0.284)***
−0.351
(0.469)
−0.298
(0.182)
897
0.06

Too
Much
0.018
(0.025)
−0.0002
(0.0002)
−0.085
(0.145)
0.010
(0.021)
0.140
(0.183)
−0.167
(0.378)
0.428
(0.121)***
935
0.12

World

New
Idea
−0.039
(0.017)**
0.0003
(0.0002)*
0.118
(0.099)
−0.019
(0.021)
0.056
(0.096)
0.143
(0.191)
0.207
(0.086)**
1,019
0.29

Table 3. Continued.

0.005
(0.009)
−0.0001
(0.0001)
0.152
(0.056)***
−0.008
(0.011)
−0.020
(0.050)
0.004
(0.089)
−0.120
(0.043)***
1,020
0.10

Tech.
Dev.
−0.073
(0.029)**
0.0007
(0.0003)**
0.647
(0.164)***
−0.031
(0.038)
−0.074
(0.154)
−0.447
(0.314)
0.117
(0.132)
1,015
0.16

−0.052
(0.028)*
0.0006
(0.0003)*
0.623
(0.163)***
−0.052
(0.038)
−0.348
(0.160)**
−0.598
(0.327)*
−0.078
(0.134)
1,015
0.16

Republic of Korea
Sci. &
Tech.
Future

−0.042
(0.033)
0.0004
(0.0003)
0.378
(0.186)**
−0.061
(0.042)
−0.053
(0.179)
−0.104
(0.360)
0.083
(0.158)
1,015
0.03

Too
Much

World
0.012
(0.028)
–0.0001
(0.0003)
0.419
(0.148)***
0.036
(0.034)
–0.065
(0.139)
0.250
(0.260)
–0.123
(0.124)
1,014
0.13
Continued.
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Social trust

−0.109
(0.034)***
Personal trust
−0.133
(0.042)***
Social networks
−0.034
(0.062)
Personal networks
0.047
(0.025)
Trust in courts
−0.009
(0.051)
Trust in parliaments
−0.043
(0.046)
Trust in fairness
0.003
(0.013)
Reciprocity
0.179
(0.026)***
Growth primacy
0.215
(0.056)***
Competition orientation
0.043
(0.012)***
Tolerance
0.010
(0.012)
Acceptance inequality
0.011
(0.012)
Risk taking
0.332
(0.024)***
Gender (female)
−0.043
(0.053)

Variablesa

New
Idea

Tech.
Dev.

−0.032
(0.016)**
0.027
(0.020)
0.024
(0.027)
0.002
(0.012)
0.012
(0.021)
0.046
(0.020)**
0.002
(0.006)
0.016
(0.012)
0.037
(0.026)
0.010
(0.006)*
−0.005
(0.005)
0.012
(0.005)**
−0.0001
(0.010)
−0.055
(0.025)**

Table 3.3 Singapore and Taipei,China

−0.006
(0.055)
0.226
(0.064)***
−0.168
(0.098)*
−0.123
(0.041)***
0.324
(0.083)***
−0.050
(0.075)
0.042
(0.020)**
−0.005
(0.038)
0.315
(0.085)***
0.160
(0.020)***
0.052
(0.017)***
0.066
(0.019)***
0.027
(0.032)
0.060
(0.079)
0.014
(0.032)
0.015
(0.039)
−0.120
(0.051)**
−0.0006
(0.022)
−0.0004
(0.044)
−0.029
(0.044)
0.029
(0.012)**
0.051
(0.022)**
−0.021
(0.049)
−0.012
(0.011)
0.009
(0.011)
0.001
(0.011)
0.016
(0.020)
0.027
(0.047)

Singapore
Sci. &
Tech.
Future
0.014
(0.032)
0.015
(0.039)
0.119
(0.051)**
−0.001
(0.022)
−0.0004
(0.044)
−0.029
(0.044)
0.029
(0.012)**
−0.051
(0.022)**
−0.021
(0.049)
−0.012
(0.011)
0.009
(0.011)
0.001
(0.011)
0.016
(0.020)
0.027
(0.047)

Too
Much
−0.164
(0.054)***
0.345
(0.070)***
−0.084
(0.085)
−0.174
(0.041)***
0.107
(0.081)
0.127
(0.076)*
0.041
(0.020)**
0.002
(0.037)
0.350
(0.084)***
0.118
(0.019)***
0.072
(0.018)***
0.056
(0.018)***
−0.056
(0.033)*
−0.113
(0.080)

World

Table 3. Continued.

0.132
(0.068)*
−0.103
(0.077)
0.042
(0.059)
0.094
(0.032)***
−0.058
(0.058)
−0.057
(0.058)
−0.0006
(0.021)
0.240
(0.040)***
0.080
(0.081)
0.020
(0.020)
0.024
(0.016)
0.044
(0.016)***
−0.160
(0.035)***
−0.099
(0.078)

New
Idea
−0.111
(0.034)***
−0.010
(0.037)
−0.006
(0.032)
−0.001
(0.017)
−0.005
(0.029)
0.082
(0.029)***
0.002
(0.010)
0.009
(0.019)
0.162
(0.042)***
0.030
(0.010)***
−0.007
(0.008)
0.0002
(0.007)
0.003
(0.017)
−0.133
(0.041)***

Tech.
Dev.
−0.140
(0.110)
−0.168
(0.0125)
−0.049
(0.101)
−0.038
(0.054)
0.133
(0.099)
0.095
(0.097)
0.100
(0.037)***
0.073
(0.066)
0.129
(0.128)
0.104
(0.038)***
0.002
(0.027)
0.041
(0.026)
−0.076
(0.055)
−0.230
(0.128)*

−0.240
(0.130)*
−0.065
(0.148)
−0.043
(0.107)
−0.001
(0.059)
0.024
(0.111)
0.222
(0.109)**
0.122
(0.037)***
0.198
(0.072)***
0.138
(0.140)
0.053
(0.036)
−0.067
(0.029)**
0.006
(0.027)
−0.062
(0.066)
−0.200
(0.141)

Taipei,China
Sci. &
Tech.
Future
0.088
(0.132)
0.021
(0.144)
0.122
(0.111)
0.103
(0.060)
−0.104
(0.118)
−0.071
(0.112)
0.030
(0.039)
−0.073
(0.074)
−0.016
(0.145)
−0.075
(0.040)*
−0.006
(0.030)
0.052
(0.030)
−0.063
(0.067)
−0.102
(0.146)

Too
Much

World
−0.127
(0.130)
−0.129
(0.144)
−0.249
(0.107)**
0.100
(0.056)*
0.131
(0.113)
0.240
(0.108)**
0.104
(0.039)***
0.153
(0.071)**
0.328
(0.141)**
0.113
(0.039)***
−0.028
(0.028)
0.052
(0.027)*
−0.031
(0.064)
0.055
(0.138)
Continued.
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New
Idea

Tech.
Dev.

Singapore
Sci. &
Tech.
Future
Too
Much
World

Table 3. Continued.

New
Idea

Tech.
Dev.

Taipei,China
Sci. &
Tech.
Future

Too
Much

Age

World

0.006
0.005
−0.022
0.012
0.012
−0.023
−0.034
0.002
−0.021
−0.040
0.021
−0.009
(0.010)
(0.005)
(0.015)
(0.009)
(0.009)
(0.014)
(0.015)**
(0.007)
(0.025)
(0.026)
(0.030)
(0.026)
2
−0.00006 −0.00007
0.00028
−0.0001
−0.0001
0.00027
0.003
5.38e–06
0.0002
0.0004
−0.0003
0.0002
Age
(0.0001)
(0.00014)* (0.00015)** (0.0001)
(0.0003)
(0.00025)* (0.0003) (0.0003)
(0.0001)
(0.00005) (0.00015)* (0.0001)
Marital status
−0.090
0.018
0.072
0.098
0.098
−0.033
−0.040
−0.078
0.010
−0.221
−0.030
−0.171
(0.067)
(0.031)
(0.105)
(0.061)
(0.061)
(0.102)
(0.102)
(0.050)
(0.158)
(0.183)
(0.199)
(0.176)
Income
0.073
−0.006
0.109
−0.003
−0.003
0.072
0.053
0.015
0.196
0.150
0.084
0.080
(0.029)***
(0.018)
(0.018)
(0.030)**
(0.026)**
(0.013)
(0.047)*** (0.048)***
(0.050)* (0.048)*
(0.019)*** (0.008)
Self-employed
0.067
0.004
−0.200
−0.025
−0.025
0.158
−0.124
0.035
0.432
0.205
0.353
0.298
(0.117)
(0.052)
(0.195)
(0.115)
(0.115)
(0.194)
(0.156)
(0.073)
(0.224)*
(0.250)
(0.274)
(0.252)
Unemployment
0.113
0.015
0.032
0.363
0.363
−0.079
−0.170
−0.128
0.001
−0.306
−0.020
−0.455
(0.228)
(0.126)
(0.386)
(0.417)
(0.440)
(0.454)
(0.135)
(0.056)
(0.191)
(0.106)*** (0.106)*** (0.193)
University education
0.063
0.068
0.112
−0.033
−0.033
0.177
0.267
0.019
0.091
−0.187
0.067
0.061
(0.062)
(0.030)**
(0.095)
(0.059)
(0.059)
(0.096)*
(0.086)***
(0.045)
(0.134)
(0.150)
(0.158)
(0.147)
Observation
1,916
1,916
1,916
1,916
1,916
1,916
1,024
1,021
1,022
1,021
1,011
1,016
0.23
0.06
0.13
0.11
0.03
0.11
0.18
0.06
0.08
0.07
0.03
0.08
(pseudo) R2
Notes: a New Idea: importance of new ideas and creativity; Tech. Dev.: importance of technological development; Sci. & Tech.: importance of science and technology today; Future:
importance of science and technology in the future; Too Much: acceptance of the statement “we depend too much on science;” World: acceptance of the statement “science makes
the world better.” Numbers in parentheses are robust standard errors clustered at the individual level. * p < .10, ** p < .05, *** p < .001.
Source: Author’s estimates.

Variablesa

Table 3.3 Continued.
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positive effect on innovation (significant in five of the six models). Increasing
the acceptance level of competition by 10 percentage points strengthens one’s
supportive attitudes for innovation by 4.8–11.1 percentage points. These findings
are puzzling because they suggest that innovation in the PRC is the outcome
of both mutual assistance and individual competition, which are two potentially
conflicting values. It mirrors the complex path of the PRC’s fast development, in
which both traditional (reciprocity) and individual (competition) values coexist and
concur.
On the other hand, the shared norm of growth primacy plays a minimal
role in promoting innovation in the PRC. The effect is either insignificant or
sometimes even negative, contrary to the positive effect at the aggregate level of
the six economies as shown in Table 2. In addition, the effect of trust in other
individuals—both social and personal trust—is largely trivial, as is the limited
role of networks. Instead, trust in formal institutions is important in promoting
innovation. In particular, increasing the level of trust in parliaments and in the
fairness of the rules by 10 percentage points improves one’s support for innovation
by 23.8–34.8 percentage points and 8.6–12.3 percentage points, respectively.
In Hong Kong, China the results demonstrate both similarities and
differences with the PRC. First, similar to the PRC, the shared norm of growth
primacy does not play a meaningful role in Hong Kong, China. The important
component of social norms for Hong Kong, China is the value of accepting
competition. This norm has a significant, positive effect in five of the six models
in Hong Kong, China, a finding similar to the PRC with somewhat larger effects.
Increasing the level of acceptance of competition by 10 percentage points improves
one’s attitudes toward innovation by 6.2–11.1 percentage points in Hong Kong,
China compared to 4.8–11.1 percentage points in the PRC. Trust in formal
institutions is also important in Hong Kong, China. Trust in courts and parliaments
as well as the fairness of the rules all have significant effects in three of the six
innovation models—an increase in institutional trust by 10 percentage points results
in increasing innovation by 10.7–34.8 percentage points.
On the other hand, despite their shared ethnic backgrounds and Chinese
tradition, several differences between the PRC and Hong Kong, China are observed.
The effect of reciprocity is significant in only two out of the six models in Hong
Kong, China. This finding suggests that reciprocity is less important in Hong Kong,
China than in the PRC. Moreover, social trust discourages innovative attitudes in
Hong Kong, China, which is similar to the overall results for the six economies
but different from the insignificant effect in the PRC. All in all, contemporary
individualist values (e.g., competition) overshadow traditional norms (reciprocity)
in determining innovation in Hong Kong, China, while both types of norms coexist
in the PRC. This might be explained by the different economic and institutional
developmental paths the PRC and Hong Kong, China have taken in recent history.
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2.

The Republic of Korea and Japan

The role of social capital is similar in the Republic of Korea and Japan
to a substantial extent (see Table 3.2). In both countries, the effect of individual
trust is considerably limited in explaining innovative attitudes, as both social and
personal trust have almost no effect. In addition, social and personal networks are
not important determinants of promoting innovation—there is (almost) no effect
in Japan and either insignificant or negative effects in the Republic of Korea
(except for a positive effect on new ideas and creativity). These findings provide
counterevidence to the argument by Fukuyama (1995) who hypothesized Japan as a
high-trust society (therefore relying on generalized social networks for economic
cooperation and innovation) and the Republic of Korea as a low-trust society
(therefore relying on personal networks). Instead of social and personal trust and
networks, two other components of social capital play a meaningful role in these
two countries: (i) trust in formal institutions, particularly justice (trust in courts in
both countries and trust in the fairness of the rules in the Republic of Korea); and
(ii) social norms that support growth primacy as a societal goal and competition as
a mode of stimulating individual efforts.
In both countries, trust in courts has a significant, positive effect in five of
the six innovation models. The size of the effect is comparable between the two
countries: increasing trust in courts by 10 percentage points increases positive
attitudes toward innovation by 16.7–29.3 percentage points in Japan and 15.7–29
percentage points in the Republic of Korea. Additionally, in the Republic of Korea,
trust in the fairness of the rules has a significant effect in four of the six models,
with an increase in this type of trust by 10 percentage points resulting in promoting
innovative attitudes by 7.1–10 percentage points.
Among the different types of social norms, growth primacy plays a somewhat
more significant role in Japan than in the Republic of Korea—the effect is
significant in five models in Japan and four models in the Republic of Korea.
However, the size of the effect is 20%–40% larger in the Republic of Korea
when it is significant (except for Tech. Dev., i.e., the importance of technological
development). Both the Republic of Korea and Japan tend to accept the norm
of competition as a mode of fostering efforts, with the significance of the effect
appearing in three models out of six. The effect is significantly greater in the
Republic of Korea than in Japan (14.7–20.1 percentage points versus 7.8–9.5
percentage points), implying that the Republic of Korea tends to have a competitionoriented society.
However, the two countries differ in endorsing the norm of performancebased incentives (economic inequality). In Japan, the acceptance of economic
inequality has a generally positive effect. A 10 percentage point increase in the level
of accepting this norm increases innovative attitudes by 9.3–10.5 percentage points
in four of the six models. The effect is more mixed in the Republic of Korea where
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accepting inequality increases positive attitudes toward the importance of science
and technology only in the present but not in the future. The positive effects on
Sci. & Tech. (importance of science and technology today) and World (agreeing
that science makes the world better) have a magnitude of 7.3–11.5 percentage
points. However, accepting inequality negatively affects Future (attitudes toward the
importance of science and technology in the future)—a 10 percentage point increase
in the level of accepting inequality results in constraining one’s support for this type
of innovation by 10.6 percentage points. This difference suggests that Koreans tend
to accept economic inequality as a currently valid norm for development but not
for the future, whereas the Japanese are more inclined to embrace such economic
incentives in general.
While both countries generally support the social norms of competition- and
incentive-based growth, the Republic of Korea and Japan place different emphases
on the norms of social inclusion. In the Republic of Korea, the reciprocity of
broad social groups plays an important role in innovation, while tolerance toward
minorities fills this role in Japan. Increasing the level of reciprocity by 10 percentage
points in the Republic of Korea enhances one’s support for innovation by 9–18.16
percentage points, but tolerance has no effect. In Japan, increasing tolerance by the
same margin results in stimulating one’s innovative attitudes by 3.9–7.8 percentage
points, but the effect of reciprocity is minimal.
Moreover, the gender effect is different between the Republic of Korea and
Japan. Women’s support toward innovation is generally lower in Japan—25.4%–
29.8% lower than men’s in four of the six models. On the contrary, in the Republic of
Korea, women are as innovative as men, as the gender effect is largely insignificant.
This result is similar to that in Hong Kong, China where there is also almost no
gender difference in individuals’ innovative attitudes.
3.

Singapore and Taipei,China

Singapore shows generally similar results to those of the other East Asian
economies (see Table 3.3). In Singapore, social trust has either a negative or
insignificant effect. However, the effect of personal trust is more mixed—positive,
negative, or insignificant—depending on the innovation measure. Also, the effects
of both social and personal networks are insignificant or negative. Similar to the
other East Asian economies, there is no evidence to support the positive role
of trust in individuals or networks in explaining Singaporeans’ attitudes toward
innovation.
Instead, it is the shared social norms that stimulate innovative attitudes in
Singapore, similar to the other East Asian economies. The value of accepting
competition is the most robust determinant—increasing the level of endorsing
this value by 10 percentage points raises one’s innovative attitudes by 3.3–16
percentage points in four of the six models. Reciprocity, growth primacy, and
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acceptance of inequality also form a group of important social norms, as they
foster attitudes toward innovation in three of the six models. Increasing the level
of reciprocity and acceptance of inequality improves one’s support for innovation
by 5.1–29.8 percentage points and 4–6.6 percentage points, respectively, and
agreeing with growth primacy as the main goal of the economy strengthens
innovative attitudes by 3.2–3.6 percentage points. This finding contributes to the
argument that innovation is an outcome of competition-based activities rather than
cooperation-based activities in East Asia. Additionally, trust in the fairness of the
rules is an important institutional determinant in Singapore. Increasing this type of
institutional trust by 10 percentage points boosts the degree of supportive attitudes
toward innovation by 2.9–4.2 percentage points.
The findings for Taipei,China (also in Table 3.3) are similar to those for
Singapore to a great extent, supporting the important role of shared social norms.
Increasing the degree of accepting competition by 10 percentage points raises
positive attitudes toward innovation by 5.3–11.3 percentage points in four of the
six models. The effect of reciprocity is significant in three out of the six models. A
10 percentage point increase in the level of accepting this norm creates a positive
effect of 15.3–40 percentage points on innovative attitudes. Growth primacy and
acceptance of inequality also have positive effects of 5.4–32.8 percentage points
and 5.2–7.3 percentage points, respectively, but they are significant in only two
models. In addition, trust in formal institutions is also important in Taipei,China. In
particular, increasing the level of fairness of the rules and trust in parliaments by 10
percentage points improves one’s innovative attitudes by 10–12.2 percentage points
and 22.2–27.3 percentage points, respectively.
In contrast to the significant role of social norms and trust in formal
institutions, the effects of trust in individuals and networks are limited in
boosting innovation in Taipei,China. The effect of social trust is either negative
or insignificant (except for the modestly positive effect on New Idea), while
personal trust has no effect on innovation. Also, social networks generally do not
have significant effects. Personal-interest-driven networks have a positive effect of
stimulating innovative attitudes to some degree, albeit the effect is significant in
only two models. This positive (although limited) effect of personal networks may
be explained by the industrial structures of Taipei,China as a small economy that
depends on many small and medium-sized, family-owned enterprises.
Overall, the effects of trust in individuals tend to be negative in smaller
economies (Hong Kong, China; Singapore; and Taipei,China) and insignificant
in larger ones (Japan, the PRC, and the Republic of Korea). In any case,
social trust plays no positive role in shaping innovative attitudes. Instead,
institutional trust and shared social norms such as growth primacy, acceptance
of competition- and performance-based economic incentives, and reciprocity are
important determinants of innovation in East Asia. This analysis renders social
norms as the driving force of innovation in this region while questioning the role of
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social trust. While social norms are important in all six East Asian economies, the
specific components of social norms that have more significant effects differ among
them. This requires a future study that can address heterogeneity across economies
in the role of social norms.
VI. Conclusion

The findings of this study recapture the important role of social capital in
achieving innovation and economic development. Nevertheless, the types of social
capital that are essential for innovation in East Asia are different from the emphasis
given on social trust in the literature. Shared social norms and values are the prime
drivers of innovation in the high-performing East Asian economies. In addition,
trust in formal institutions plays a crucial role. These results indicate how the East
Asian economies realized their development: by supporting societal goals that were
collectively set by citizens and led by the states.
While the East Asian economies share the importance of social norms, the
types of social norms and values that are particularly key to innovation differ
across economies—for example, reciprocity plays a pronounced role in the PRC,
in contrast to Japan and the Republic of Korea where growth primacy is more
important. Further studies are encouraged to investigate how each economy’s social
conditions and contexts contribute toward shaping economy-specific roles of social
norms as a promoter of innovation.
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Appendix 1. Descriptive Statistics of Social Capital Variables
Variables
Social trust
Personal trust
Social networks
Personal networks
Trust in courts
Trust in parliaments
Trust in fairness
Reciprocity
Growth primacy
Competition orientation
Tolerance
Acceptance of inequality

Observations

Mean

Minimum

Maximum

7,446
7,117
7,446
7,117
7,446
7,117
7,117
7,117
7,446
7,117
7,446
7,117

2.32
2.45
1.21
1.33
2.74
2.01
2.55
3.89
0.68
0.71
4.59
5.97

1
1
0
0
1
1
1
1
0
1
1
1

4
4
2
2
4
4
10
6
1
10
10
10

Source: Author’s estimates using data from the World Values Survey (2005–2014).

1
0.26
0.29
0.12
0.25

0.31
0.42
0.23
0.19

0.20
0.18

1
0.53
0.43
0.35
0.52
0.44

0.56
0.61
0.34
0.12

0.37
0.21

0.23
0.17

0.35
0.29
0.13
0.20

1
0.44
0.22
0.11

0.09
0.25

0.27
0.31
0.25
0.22

1
0.14
0.18

0.35
0.41

0.51
0.37
0.33
0.29

1
0.65

0.12
0.24

0.49
0.36
0.42
0.33

1

0.41
0.46

1
0.51
0.63
0.43
0.07
0.12

1
0.21
0.19

0.25
0.59

1
0.64

0.22
0.68

1
1
0.21

1

Social Personal Social
Personal Trust in Trust in Trust in
Growth Competition
Acceptance
Trust Trust Networks Networks Courts Parliament Fairness Reciprocity Primacy orientation Tolerance Inequality

Note: Pearson correlation coefficients are presented above.
Source: Author’s estimates.

Social trust
Personal trust
Social networks
Personal networks
Trust in courts
Trust in
parliaments
Trust in fairness
Reciprocity
Growth primacy
Competition
orientation
Tolerance
Acceptance of
inequality

Variables

Appendix 2. Correlation Matrix of Social Capital Variables
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Appendix 3. Instrumental Variable Approach, Two-Stage Least Squares

1st Stage

(1)
Social
Trust

(2)
Personal
Trust

(3)
Social
Networks

(4)
Personal
Networks

0.06**
(0.03)
36.78***
Yes
7,117

0.02**
(0.01)
18.78***
Yes
7,117

(5)
Trust in
Courts

Average value
(Instrument)
F–statistics
Controls
Observations

0.14***
(0.05)
31.71***
Yes
7,117

0.07**
(0.03)
28.9***
Yes
7,117

1st Stage

(7)
Trust in
Fairness

(8)
Growth
Primacy

Average value
(Instrument)
F–statistics
Controls
Observations

0.78***
(0.33)
29.01***
Yes
7,117

0.05***
(0.02)
37.10***
Yes
7,117

2nd Stage
Variablesa

(1)
New Idea

(2)
Tech. Dev.

(3)
Sci. & Tech.

(4)
Future

(5)
Too Much

(6)
World

Social trust

0.056
(0.032)*
−0.055
(0.045)
0.069
(0.036)*
0.041
(0.033)
−0.012
(0.013)
0.001
(0.003)
0.015
(0.007)**
0.121
(0.061)**
0.091
(0.032)***
0.032
(0.016)**
0.020
(0.016)
0.045
(0.016)***
Yes
Yes

−0.121
(0.059)**
0.011
(0.032)
−0.053
(0.044)
0.031
(0.065)
0.096
(0.045)**
0.085
(0.043)**
−0.010
(0.053)
0.076
(0.034)***
0.095
(0.051)**
0.054
(0.017)***
−0.037
(0.020)*
0.025
(0.011)***
Yes
Yes

−0.104
(0.065)*
0.081
(0.049)*
−0.076
(0.101)
−0.043
(0.026)*
0.197
(0.081)***
0.051
(0.048)
0.093
(0.044)***
0.009
(0.052)
0.095
(0.050)**
0.109
(0.057)**
0.071
(0.041)*
0.098
(0.043)***
Yes
Yes

−0.105
(0.077)
0.092
(0.084)
−0.054
(0.095)
−0.042
(0.055)
0.174
(0.091)**
0.066
(0.040)*
0.097
(0.051)**
0.006
(0.021)
0.113
(0.054)***
0.195
(0.095)**
−0.001
(0.011)
0.074
(0.039)**
Yes
Yes

−0.039
(0.072)
−0.022
(0.091)
0.105
(0.099)
0.035
(0.048)
−0.032
(0.044)
−0.051
(0.071)
0.011
(0.021)
−0.075
(0.044)*
−0.111
(0.061)**
−0.065
(0.031)***
0.002
(0.015)
0.010
(0.039)
Yes
Yes

−0.099
(0.059)*
0.109
(0.061)*
−0.055
(0.030)**
−0.012
(0.031)
0.156
(0.071)***
0.199
(0.099)**
0.071
(0.033)***
0.100
(0.051)**
0.198
(0.079)***
0.123
(0.065)**
0.009
(0.011)
0.040
(0.020)***
Yes
Yes

7,117
6
0.35

7,117
6
0.33

7,117
6
0.29

7,117
6
0.30

7,117
6
0.42

7,108
6
0.38

Personal trust
Social networks
Personal networks
Trust in courts
Trust in parliaments
Trust in fairness
Reciprocity
Growth primacy
Competition
orientation
Tolerance
Acceptance of
inequality
Controls
Economywide fixed
effects
Observations
Countries
Hansen test (p-value)

0.12***
(0.05)
24.62***
Yes
7,117

(6)
Trust in
Parliaments

(9)

(10)
(11)
Acceptance
Competition Inequality Reciprocity
0.51***
(0.24)
16.42***
Yes
7,117

0.69**
(0.37)
27.28***
Yes
7,117

0.15**
(0.08)
19.50***
Yes
7,117

0.16**
(0.07)
34.48***
Yes
7,117
(12)
Tolerance
0.33*
(0.20)
23.32***
Yes
7,117

Notes: a New Idea: importance of new ideas and creativity; Tech. Dev.: importance of technological development; Sci.
& Tech.: importance of science and technology today; Future: importance of science and technology in the future; Too
Much: acceptance of the statement “we depend too much on science;” World: acceptance of the statement “science
makes the world better.” Numbers in parentheses are robust standard errors clustered at the individual level. * p < .10,
**
p < .05, *** p < .001. The coefficients of the control variables are not presented here to save space.
Source: Author’s estimates.
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