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in data sources and methodology in 2011 led to an overestimation of annual in data sources and methodology in 2011 led to an overestimation of annual 
growth by 2.5 percent between 2011 and 2012 and 2016 and 2017. Concerns are growth by 2.5 percent between 2011 and 2012 and 2016 and 2017. Concerns are 
not confined to growth overestimation. Kerner, Jerven, and Beatty (2017) find that not confined to growth overestimation. Kerner, Jerven, and Beatty (2017) find that 
some lower-income countries underreport economic growth to maintain foreign some lower-income countries underreport economic growth to maintain foreign 
assistance. assistance. 

Is there robust evidence that growth is systematically mismeasured or measured 
less reliably in developing countries, or do such concerns reflect overgeneralizations 
based on a small number of widely publicized but nonrepresentative examples? More 
broadly, what specific challenges do developing countries face in measuring the 
growth of their economies? This article seeks to address these questions while offering 
thoughts on how growth measurement in developing countries can be improved.

There are plausible reasons why growth measurement could be more challenging 
for developing countries. Developing countries have lower statistical capacity, are 
often associated with weaker institutions and governance, have large informal sectors 
that are inherently hard to measure, and tend to be more reliant on agriculture. 
Volatile growth is harder to measure, and growth is more volatile in countries where 
agriculture constitutes a large part of the economy; this is especially true for rain-fed 
agriculture, which is highly correlated with low GDP per capita. Of course, advanced 
economies also face challenges: looking at US data, Aruoba et al. (2016) show that 
expenditure-side and income-side GDP estimates, though highly correlated, lead to 
different growth estimates. Likewise, Deaton (2005, Table 2) compares the average 
difference between GDP estimates based on national accounts and income estimates 
based on household surveys across countries, showing that the difference is smallest 
for countries in sub-Saharan Africa—though the coefficient of variation is also greatest 
for countries in sub-Saharan Africa, implying that changes over time are potentially 
more heavily influenced by measurement error in that region. 

In this article, we first investigate the reliability of growth measurement across 
countries by comparing several data sources. We begin with a brief overview of GDP 
measurement and a discussion of the measurement challenges faced by all coun-
tries. We then triangulate and compare growth estimates based on several different 
data sources and methods: national accounts, household surveys, and satellite 
data on night-time light sensors and on vegetation mappings. While each source 
measures a different concept—so would not be expected to yield identical growth 
estimates—we interpret a tight concordance between different estimates as a sign of 
growth estimate reliability. We find that—contrary to common perceptions—there 
is no compelling evidence that growth is on average measured less well in devel-
oping countries. However, we find consistently higher dispersion in growth data 
for developing countries, which lends support to the view that perceptions about 
growth (mis)measurement may be due to higher levels of classical measurement 
error or the existence of a few problematic outliers. 

We then turn to several measurement challenges specific to developing coun-
tries: limited statistical capacity, the use of outdated data and methods, large 
agricultural sectors, large informal economies, and limited price data. Using a 
newly constructed indicator of statistical integrity based on novel IMF audit data, we 
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do not find compelling evidence that statistical integrity is a first-order issue in most 
developing countries. We conclude by identifying concrete steps to improve growth 
measurement in developing countries, including strengthening statistical capacity 
and supplementing traditional growth measurement approaches with informa-
tion from innovative data sources. For example, satellite-based vegetation data can 
measure activities by smallholder farmers that are less likely to be captured in GDP 
estimates, and several other new data sources offer scope to complement the stan-
dard methods. Overall, developing countries (especially low-income countries) 
perform better than expected at estimating output and growth given the constraints 
they face, but there is ample room for improvement. 

A Brief History of National Income and Growth MeasurementA Brief History of National Income and Growth Measurement

While the notion of measuring economic growth has existed for centuries, 
today’s commonly used methods are typically credited to the work of Simon Kuznets 
and Richard Stone. In the 1930s, the Great Depression created a desire to measure 
the severity of the crisis and any progress toward ending it (Kuznets 1934). In a 
powerful example of economic research informing policy, Kuznets reported on 
his work to the US Congress, and by 1942, the US government began publishing 
estimates of gross national product (GNP), in part to aid in war planning efforts. 
Around the same time, the United Nations (UN) recognized the value of measuring 
economic progress using methods that were consistent over time and comparable 
across countries. Stone helped the UN Committee on National Income Statistics 
develop a framework for a System of National Accounts (SNA) (Stone 1947a), and 
in 1953 the UN Statistical Commission released SNA guidelines that were appli-
cable for most of the world, including developing or lower-income countries (Stone 
1953). Both Kuznets and Stone would eventually receive the Nobel Prize for their 
work in developing and refining national growth accounting methods: Kuznets in 
1971 (just the third Nobel Prize in economics ever awarded) and Stone in 1984 
(https://www.nobelprize.org/prizes/economic-sciences/1971/kuznets/facts/; 
https://www.nobelprize.org/prizes/economic-sciences/1984/stone/facts/). 

Since the original 1953 guidelines on the System of National Accounts, there 
have been a series of revisions to improve the quality of the measures and address 
measurement error, overseen by the Inter-Secretariat Working Group on National 
Accounts (ISWGNA)—a body comprising members from the International Mone-
tary Fund (IMF), the European Union, the Organization for Economic Co-operation 
and Development, the UN, and the World Bank.1 For example, following the most 
recent update to the SNA guidelines in 2008, the ISWGNA developed an Implementa-
tion Programme for the System of National Accounts 2008 and Supporting Statistics to assist 

1 For a history of these revisions, see Figure A1 in the online Appendix available with this article at the JEP 
website, or the UN Statistics Division website at https://unstats.un.org/unsd/nationalaccount/hsna.asp.

https://www.nobelprize.org/prizes/economic-sciences/1971/kuznets/facts/
https://www.nobelprize.org/prizes/economic-sciences/1984/stone/facts/
https://unstats.un.org/unsd/nationalaccount/hsna.asp
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countries in building the statistical and institutional capacity needed to successfully 
transition to the new guidelines.

In addition to helping establish the System of National Accounts, Stone wrote 
seminal papers in the 1940s on measurement error in estimating national income. 
This early literature leveraged the variations in national income estimates from 
different measurement approaches (that is, expenditure-side and income-side) to 
assess and address measurement error (Stone, Champernowne, and Meade 1942). 
This approach is also the basis of recent literature, including Aruoba et al. (2016). 
Economists since Kuznets have long been familiar with the basic conceptual criti-
cisms of GDP: that it fails to capture important aspects of well-being like leisure, 
health, and environmental protection, for example, or that it omits information 
about the distribution of income (Sen 1985; Nussbaum 1987; Stiglitz, Sen, and 
Fitoussi 2009).2 

Despite concerns over measurement and interpretation, for decades nearly all 
countries worldwide have reported GDP and used the measure as a critical factor 
for short- and long-term policymaking. 

Are Growth Estimates Less Reliable in Developing Countries?Are Growth Estimates Less Reliable in Developing Countries?

There is no single, well-defined metric to assess the reliability of a country’s 
national income and growth statistics. The most common approach, similar to Stone, 
Champernowne, and Meade (1942), is to compare growth estimates obtained using 
different data sources and approaches to examine whether the estimates coincide 
or are correlated. In this article, we explore three main conceptual constructs for 
the estimation of economic growth and make comparisons among them to assess 
the reliability of growth estimates. 

The central measure we examine is GDP per capita, estimated based on System 
of National Accounts standards and usually produced by each country’s National 
Statistical Office. As taught in introductory economics classes, GDP can be viewed 
as the sum of personal consumption, investment (including change in inventories), 
government expenditures, and net exports. Alternatively, it can be viewed as the 
sum of personal income, tax revenues on production and imports, and corporate 
tax revenues (including undistributed corporate profits). 

We compare this standard measure to two alternative approaches. First, we 
consider household surveys of budgets, income, expenditure, or consumption. The 

2 Sen (1985) and Nussbaum (1988) argue that well-being is linked to the capability of an individual 
to live a life the person has reason to value. This is interpreted as being able to live a healthy life and 
participate in society without shame. This capabilities approach to measuring well-being underpins the 
United Nations Human Development Index. The Stiglitz, Sen, and Fitoussi (2009) critique of GDP is 
twofold. First, GDP fails to account for the within-country distribution of income. Second, some actions 
increase GDP but reduce well-being (like traffic jams leading to higher fuel consumption and a reduc-
tion in wel-lbeing), and similarly, some activities contribute to well-being but do not increase GDP (like 
unpaid household labor). 
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common method for this approach is to extract per capita household consump-
tion or per capita household income, and then to compare growth rates of these 
measures with measures of personal income, personal consumption, or GDP per 
capita growth based on the System of National Accounts. A substantial share of 
household survey data is collected through large-scale efforts supported by the 
World Bank, such as the Living Standards Measurement Study. There are many 
reasons survey-based and SNA-based measures will differ. For instance, SNA proto-
cols for income-side measures place relatively less emphasis on capturing informal 
economic activities, such as subsistence farming or so-called shadow activities such 
as the production of illegal drugs. Because household surveys in lower-income coun-
tries typically focus on asking people questions about what they have consumed 
(rather than what they have earned), they are more likely to capture such activi-
ties. Another difference is that SNA-based protocols place greater emphasis on 
larger transactions relative to smaller transactions, which have little impact on total 
income measures; in fact, Deaton (2005) documents that SNA training instruc-
tions directly specify that greater effort should be directed at larger transactions. 
In contrast, household budget and living standards surveys tend to include regular 
smaller transactions with greater probability than (often irregular) larger ones like 
weddings and funerals (Deaton and Zaidi 2002). 

Next, we consider an approach that has only become possible in recent years: 
using satellite data for economic analysis (discussed in this journal by Donaldson 
and Storeygard 2016). Night-time lights have received particular attention, espe-
cially the Defense Meteorological Program (DMSP) Operational Linescan System 
(DMSP-OLS). Luminosity can serve as a proxy for economic activity, and night lights 
provide frequent, relatively cheap, and globally available data (Chen and Nordhaus 
2011; Henderson, Storeygard, and Weil 2012; Pinkovskiy and Sala-i-Martin 2016).3 
Like other measurement approaches, night lights are imperfect. Zhou et al. (2015), 
for example, argue that limitations in the sensor of these lights create saturation 
problems in central urban areas, potentially hampering their ability to predict 
variation in economic activity in rich, high-density areas. By contrast, Gibson et al. 
(2021) argue that DMSP-OLS light data are poor predictors of economic activity in 
low-density, rural areas. An additional data source that potentially can be harnessed 
for growth measurement is satellite-based vegetation indices, estimated using reflec-
tance from plants. A Normalized Difference Vegetation Index (NDVI) is estimated 

3 Night-time lights data are publicly available in an easy-to-use format from the National Oceanic and 
Atmosphere Administration (NOAA) website from 1992–2013. The site provides several data series. One 
frequently used night-time lights series is from the Defense Meteorological Satellite Program–Opera-
tional Linescan System (DMSP-OLS). This data source is cleaned to capture luminosity separate from the 
effects of cloud coverage, fires, aurora, and ephemeral light (Elvidge et al. 2009). Newer sources of night 
lights, such as the Visible Infrared Imaging Radiometer Suite (VIIRS), have also emerged; however, this 
data source is less regularly cleaned and is accessible for only a few years.
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by satellite detection of reflectance from plants in specific portions of the visible 
and infrared spectra.4

Of course, one would not expect these various data sources to yield identical 
growth estimates. National accounts, household surveys, and satellite data were each 
designed for different reasons and serve different purposes. Nevertheless, we would 
expect the growth rates they generate to be correlated. Accordingly, in the following 
sections we examine correlations, long-run trajectories, and some key differences 
across these approaches. In the context of these comparisons, we examine whether 
growth-estimate reliability varies by country income grouping. In instances where 
such comparisons exist from earlier studies, we update them to more recent years 
and extend them to more countries. 

Growth Estimates from National Accounts and Household SurveysGrowth Estimates from National Accounts and Household Surveys
It is well established that there are significant gaps between national accounts 

estimates of GDP or personal consumption and household survey estimates of 
income or consumption (Deaton 2005; Ravallion 2003). Prydz, Jolliffe, and Sera-
juddin (2020) updated this earlier analysis by examining the ratio in levels of GDP 
(and household final consumption expenditure) to income (and consumption) 
from a series of more recent household surveys, finding that middle-income—not 
low-income—countries have the weakest relationship between national accounts 
and survey measures. A potential explanation for this finding is that middle-income 
countries often have fast growth, which could decrease survey response rates (as 
households become richer, the opportunity cost of their time increases) and produce 
a downward bias in survey-based growth estimates. In addition, a more rapidly 
changing economic structure might increase discrepancies in income measure-
ment if, for example, national accounts do not adjust the weights of industries that 
have become increasingly important over time (as was the case in Nigeria’s 2014 
GDP rebasing, for example). Broadly speaking, in the literature regarding GDP 
level estimates, there is an unresolved debate regarding the reliability of national 
accounts data by country income grouping, with conclusions varying among the 
leading studies.

Rather than examining levels, which have been examined in earlier papers and 
which are expected to differ across data sources given that different data measure 
different concepts, we focus our comparisons on growth rates. Growth-rate compar-
isons are, in principle, subject to the same caveats regarding differences in concepts 
measured, but we expect these caveats to be less consequential given that the 
focus on growth rates controls for the impact of time-invariant differences across 
measures. Also, annual growth rates often receive the most coverage and attention 

4 We use a data series for 89 economies where over 25 percent of employment is in agriculture from 2000 
to 2018. We include measures for total Normalized Difference Vegetation Index per year per country 
as well as the maximum versus minimum NDVI in a given year and country. Based on definitions from 
NASA’s Moderate Resolution Imaging Spectroradiometer (MODIS), we also disaggregate the NDVI by 
smallholder farms, which are often part of the informal economy versus large-scale commercial agricul-
tural land, which usually is captured in national accounts.
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in international policy dialogues. However, measures of year-on-year growth are 
often volatile, and their variations are potentially due to noise. To minimize the 
impact of noise on our comparisons, we average annual growth rates over the time 
period 1992–2012 for each country.

Figure 1 provides a comparison of average growth rates based on estimated GDP 
per capita from national accounts and estimated per capita income or consump-
tion from household surveys. For the household survey measure, we extract data 
from the World Bank’s PovcalNet which provides a mix of per capita household 
consumption and income measures, depending on what is available (at http://
iresearch.worldbank.org/PovcalNet/home.aspx).5 For each country, we estimate 

5 The majority of these data files are based on integrated household surveys such as those in the Living 
Standards Measurement Study. The consumption aggregate is a broad measure, which includes consump-
tion of food and nonfood items, with food consumption including food purchased from the market, 
home-produced food, and payment-in-kind. Nonfood consumption typically includes the total value of 
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Figure 1 
Gaps in Average Growth between National Accounts and Survey Estimates

Source: Author calculations using data from the World Bank. 
Note: A positive gap indicates GDP growth rates are higher than household surveys and vice-versa. Growth 
estimates are averaged over the time period 1992–2012 and are not weighted by the population of each 
country. Each income category is labeled: LIC = Low-income country; LMIC = Lower-middle-income 
country; UMIC = Upper-middle-income country; HIC = High-income country.

http://iresearch.worldbank.org/PovcalNet/home.aspx
http://iresearch.worldbank.org/PovcalNet/home.aspx
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the average growth rate over 1992–2012. The figure plots the gap between the two 
by income grouping. The most notable feature is the dispersion by income category, 
which is visibly highest for low-income countries and lowest for high-income coun-
tries. While the gap between different growth estimates is not significantly higher 
for developing countries on average, it is very large for select low-income countries.

As with the literature on GDP levels, the comparison of growth rates based on 
national accounts and survey data does not offer clear-cut conclusions. Our results 
seem consistent with the view that growth measurement may be most problematic 
in low-income countries, though as noted earlier, this view is supported more by the 
high dispersion of growth estimate gaps in low-income countries than by the size of 
the average gap.

GDP, Household Surveys, and Night-Time Lights DataGDP, Household Surveys, and Night-Time Lights Data
Next, we add into the analysis average growth rates based on satellite-based 

night light data by country from 1992 to 2012. While night light data have limi-
tations and are an imperfect proxy for economic activity, they have two notable 
advantages: they are not biased by potential non-response, as household surveys 
are, and they are not easily manipulated or frequently adjusted, as national accounts 
data might be. Figure 2 plots a smoothed nonparametric regression of the growth 
rate based on each measure on log GDP per capita. 

We observe a few patterns in the data. First, the GDP line shows the growth 
rate of per capita GDP over the range of countries based on national accounts 
data, which shows that middle-income countries grow more quickly than either 
high-income or low-income countries.

Second, growth rate estimates based on survey data are lower than estimates 
based on national accounts data for all categories except low-income countries, 
where survey estimates are higher: survey-based growth is on average 2.6 percent 
while national accounts-based growth is slightly less than 1 percent. One reason for 
this pattern might be that survey estimates capture more informal economic activity, 
which comprises a large share of the economies of low-income countries and which 
national accounts estimates may be less suited to measuring. 

Third, light growth tracks GDP growth closely in all income categories except 
high-income countries. This suggests that lights might be useful in triangulating 
accurate GDP estimates in developing countries but that the relationship might 
be less clear for high-income countries. This pattern has several potential explana-
tions: growth measurement could be less reliable in high-income countries; urban 
saturation in high-income countries might dampen light growth estimates; or the 
relationship between lights and economic growth (as measured by either national 
accounts or household surveys) could be non-monotonic by income level. For 

small nonfood items plus the use-value of durable goods. For high-income countries, the majority of the 
PovcalNet data comes originally from either Eurostat’s Statistics on Income and Living Conditions or 
the Luxembourg Income Study, which creates an income vector that is harmonized across countries in 
their archives.
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example, some high-income countries have tried to reduce light pollution, in which 
case light would have a negative rather than positive association with income.

Fourth, while the gap between survey and national accounts is largest in 
low-income countries, for lights the gap is smallest in low-income countries. Hence, 
whether one considers growth measurement to be more or less reliable in devel-
oping countries may depend on which alternative measure one trusts most: lights 
or surveys. 

However, if we examine variation across countries, we find a more consistent 
pattern, with high variation among low- and middle-income countries in the gaps 
between national accounts and surveys as well as lights. In Table 1, cross-country 
variation in national accounts growth estimates ranges from 2.2 to 3.8 percent 
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Figure 2 
Average Growth across Measures: GDP, Survey, and Lights

Source: Author calculations using data from the World Bank and NOAA. 
Note: We run a LOWESS smoothed nonparametric regression of growth rates by income level on log GDP 
per capita terms. Each income category is labeled: LIC = Low-income country; LMIC = Lower-middle-
income country; UMIC = Upper-middle-income country; HIC = High-income country. The categorization 
of countries is based on the current World Bank classification. For details of the calculations, including 
average growth rates for each measure and standard deviations across countries and over time, see the 
online Appendix. 
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in low- and middle-income countries, respectively, relative to 1.8 percent in 
high-income countries. Similarly, we observe higher cross-country variation in 
developing countries for survey and lights data. This points to a potential “black 
sheep” explanation: while discrepancies in growth estimates are not systematically 
worse in developing countries on average, there are a few countries for which 
such discrepancies are particularly large, and these cases may be responsible for 
the perception that growth measurement in developing countries is unreliable. 

We observe a similar pattern for within-country variation of GDP growth 
estimates based on System of National Accounts data over time, ranging from 
4.4 percent to 5.2 percent in low- and middle-income countries, compared to 
3 percent in high-income countries. Again, this evidence suggests variation and 
volatility might play an important role in perceived reliability of growth estimates in 
developing countries.

Finally, we examine the role of limited data availability in some countries. We 
find that within-country correlations of survey and national accounts over time are 
higher at higher-income levels, varying from 0.16 to 0.33. Table A1 in the online 
Appendix, available with this article at the JEP website, shows within-country, 
year-to-year correlations between measures. However, this pattern virtually disap-
pears when restricting the sample to countries with survey data for more than 
three time periods. Hence, it seems that the lower year-to-year correlations in 

Table 1 
Average Growth across Measures—GDP, Survey, and Lights

Low income Lower middle income Upper-middle income High income

Growth GDP
Mean 0.009 0.025 0.028 0.023
Across country SD 0.038 0.022 0.031 0.018
Within country SD 0.052 0.044 0.050 0.030

Growth survey
Mean 0.026 0.016 0.026 0.013
Across country SD 0.047 0.032 0.027 0.031
Within country SD 0.055 0.062 0.084 0.059

Growth lights
Mean 0.009 0.017 0.025 0.011
Across country SD 0.028 0.032 0.047 0.023
Within country SD 0.183 0.152 0.159 0.196

Observations 25 38 39 40

Note: Growth rates are calculated as the log first difference. We average growth rates per country from 
1992 to 2012 for each measure to account for year-to-year noise and variation. We than average country 
average growth rates by income category. Averages are not weighted by the population of each country. 
“Across Country SD” refers to the standard deviation of growth rates across countries, averaged by 
income category. “Within Country SD” refers to the standard deviation of growth rates over time within a 
country, averaged by income category.
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low-income countries are driven by limited data. For example, Rwanda has only 
three survey data points, meaning that growth rates can only be estimated at two 
points in time, and any correlation in estimates between survey and national 
accounts over time is derived from the single difference in growth from 2005 
to 2010. As another example, Figure A2 in the online Appendix shows only five 
household survey data points in Tanzania between 1992 and 2012, relative to over 
20 in Indonesia.

Summary Summary 
While some statistics suggest less reliable growth measurement in developing 

countries, the cumulative evidence is mixed. Previous work exploring correlations 
in GDP levels has not found evidence that low-income countries underperform 
higher-income countries in measurement. Similarly, we do not find systematic 
evidence based on night lights data that growth is measured less well on average 
or manipulated in developing countries. Light estimates in low-income countries 
follow a similar trajectory as national accounts estimates, and if anything, they 
track each other more closely than in high-income countries. In general, different 
comparisons lead to different conclusions. These results reinforce the value of 
supplementing national accounts estimates with survey-based measurement and of 
utilizing alternative sources of income estimates, such as satellite data, as we discuss 
in the paper’s final section.

However, a consistent finding across all comparisons is that cross-country disper-
sion in growth estimates is substantially higher in developing countries, suggesting a 
possible role for a few outliers to generate the perception that all developing coun-
tries’ growth estimates cannot be trusted.  

Finally, we note that differences in average growth rates across the three 
different measurement approaches appear small—typically around 1.5 percentage 
points or less. While gaps of this magnitude may be considered large for 
high-income countries, where annual growth rates have recently been in the 
3–4 percent range, they appear small for many fast-growing developing countries. 
We conclude that even though growth estimates may be imprecise, they are likely 
trustworthy within a margin of error of about 1.5 percentage points. Considering 
the uncertainty around such estimates, this error margin does not seem grave. 
It also suggests that paying excessive attention to potentially noisy year-on-year 
growth estimates seems unnecessary. At a minimum, year-on-year growth estimates 
should be accompanied by confidence intervals, which should be given as much 
attention as the estimates themselves. 

Measurement Challenges in Developing Countries Measurement Challenges in Developing Countries 

While measurement challenges exist for both developed and developing coun-
tries, in this section we turn to the specific challenges that developing countries face 
in estimating growth. 
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Low Statistical Capacity and Lack of Independence of Statistical Authorities Low Statistical Capacity and Lack of Independence of Statistical Authorities 
The term “developing” signifies vulnerabilities and resource constraints that 

affect many areas, including data collection and production of statistics (Carletto, 
Jolliffe, and Banerjee 2015; Devarajan 2013; Jerven and Johnston 2015). Many devel-
oping countries use old data, outdated methods, and unreliable statistics due to 
lack of funding, inadequate resources for data collection, management and dissemi-
nation, and absence of coordination among relevant agencies and stakeholders. 
Statistical capacity constraints are particularly relevant in Africa (Devarajan 2013). 
As of early 2021, only about one-third of sub-Saharan African countries use the most 
recent System of National Accounts standards from 2008, while most of the rest use 
the 1993 standards. 

Changing from one vintage of the System of National Accounts to another, 
or infrequent updates to growth accounting methods, can lead to substantial 
GDP movements, which in turn may contribute to the perception of unreliable or 
manipulated growth measurement in developing countries. For example, Ghana’s 
adoption of the 1993 SNA system in 2010 led to a 62 percent upward revision of 
GDP (Devarajan 2013), and Ghana has since adopted the 2008 SNA. A similar 
revision in Malawi led to a 32 percent upward GDP revision. Likewise, failing to 
regularly update the base year for GDP estimation, which determines the weights 
reflecting the relative importance of different sectors, can create discrete breaks in 
a country’s GDP series.6 In addition to the aforementioned case in Nigeria, other 
examples include Senegal’s 2014 rebasing (from 1999), which increased GDP by 
29 percent, and Zimbabwe’s 2012 rebasing (from 2009), which increased GDP by 
20 percent. For a systematic view of countries’ statistical capacity, in 2004 the World 
Bank developed the Statistical Capacity Indicator (SCI). Scores range from 0 (no 
statistical capacity) to 100 (adequate statistical capacity), with an overall score as 
well as scores in three sub-categories: Source Data, Methodology, and Periodicity.7 
The SCI’s source data are collected mostly for low- and middle-income countries. 

The average Statistical Capacity Indicator score for a low-income country is 
about 60, which is similar to the average regional score for the Sub-Saharan Africa 
and Middle East & North Africa regions. Lower- and upper-middle income coun-
tries have an average score of about 70, which is similar to the average regional score 
for Latin America & Caribbean and South Asia. Several low- and middle-income 

6 The US Department of Commerce’s Bureau of Economic Analysis (BEA) introduced chain-weighting 
specifically to overcome this problem of discrete changes in GDP trends from occasional updates to a 
fixed base year (Steindel 1995). 
7 The source data for the Statistical Capacity Indicators refers to surveys for agriculture, health, poverty, 
the population census, and vital registration systems. The Methodology sub-category considers the 
following components: balance of payments manuals, consumer price index base year, external debt 
reporting status, government finance accounting, import and export price indices, industrial production 
price indices, national accounts base year, national immunization coverage, special data dissemination 
standards, and UNESCO reporting. The Periodicity sub-category refers to regular data for multiple 
categories including education, health, sanitation, and gender equality as well as GDP. The SCI Dash-
board provides information on the time series of SCI, so that one can track countries’ progress towards 
statistical capacity (http://datatopics.worldbank.org/statisticalcapacity/SCIdashboard.aspx). 

http://datatopics.worldbank.org/statisticalcapacity/SCIdashboard.aspx
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countries, such as South Africa and India, score well on statistical performance, 
indicating that lower income is not synonymous with bad data.8 The World Bank 
recently released the Statistical Performance Indicators (SPI), an update and 
re-conceptualization of the SCI. 

As an alternative way to assess countries’ statistical capacity and data quality, the 
IMF recently released a rich new dataset with information gathered in the process of 
compiling growth statistics (Berry et al. 2018). In contrast to the Statistical Capacity 
Indicator scores, which includes multiple statistics not directly linked to growth 
(such as education statistics reported to UNESCO), the IMF data focuses exclusively 
on data behind the System of National Accounts and also includes high-income 
countries. We observe some notable trends. First, the average SNA vintage is consis-
tently older in low-income countries, aligned more closely to the 1993 guidelines 
than the more recent 2008 vintage commonly used in high-income countries. In 
addition, the GDP base year is older in low- and middle-income countries, which, as 
noted, increases the likelihood that national accounts will fail to reflect important 
changes in a country’s economic structure (while also increasing the likelihood of 
large and potentially contested GDP expansions when the base year is ultimately 
updated). Second, while “availability of annual GDP” is similar across income 
categories, “availability of quarterly GDP” estimates varies substantially by income 
level, ranging from 38 percent for low-income countries to 91 percent for high-
income countries. Third, the share of countries that independently compile GDP 
using different approaches (for example, based on expenditure and on produc-
tion), which can enhance the reliability and quality of national accounts statistics, 
also varies by income level: 12 percent for low-income countries, 30 percent for 
lower-middle-income countries, 40 percent for upper-middle income countries, 
and 76 percent for high-income countries. A variety of other indicators are avail-
able in the IMF data, including timely release of annual or quarterly GDP data and 
advance release calendars.9 

Here, we present a novel database of indicators based on expert audits of 
national accounts called the Reports on the Observance of Standards and Codes, 
which is a large initiative carried out jointly by the World Bank and the IMF to 
monitor compliance with international standards for statistical systems (for details, 
see https://www.imf.org/en/Publications/rosc). These reports assess criteria of the 
IMF Data Quality Assessment Framework (DQAF) for 83 countries. A main advan-
tage of this new database is that it identifies additional quality measures that go 
beyond a focus on GDP compilation practices: as one example, there is an indicator 
related to revision policy and practice, which are viewed by the IMF as central to 
data quality. Each indicator is assessed by IMF auditors based on four rankings: 

8 For details of these calculations, along with a map showing these patterns by country, see the online 
Appendix available with this paper at the JEP website, especially Figure A3 and Table A2.
9 The summary statistics presented here are compiled and structured from text responses to periodic 
IMF surveys conducted with 189 countries globally. We average statistics by income category. For detailed 
tables, see the online Appendix available at the JEP website. 

https://www.imf.org/en/Publications/rosc
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observed, largely observed, largely not observed, or not observed. For our purposes, 
we code analysis as a dummy variable equal to one if the practice is observed or 
largely observed, and zero otherwise. 

Table 2 breaks down seven indicators from this new database by income group 
and region. The first two columns show measures of quality: whether revisions and 
updates of GDP estimates follow a regular and transparent schedule and whether 
they are monitored and accompanied by explanatory notes. Low-income countries 
appear to have lower-quality statistics, which is consistent with the indicators of 
statistical capacity already presented. For example, 80 percent of low-income coun-
tries have revision policies and practices, compared to 92 percent and 96 percent in 
high- and middle-income countries, respectively. 

The next two columns show measures of statistical capacity. We first examine 
human resources in national statistical offices. While 88 percent of national statis-
tical offices in high-income countries are deemed to have enough human resources, 
this indicator falls to only 30 percent in low-income countries. 

The final three columns seek to measure the potential for politically motivated 
data manipulation, referred to as data integrity. A surprising pattern in this category 

Table 2 
Summary Statistics for Systems of National Accounts: Capacity, Quality, and 
Integrity

Quality Capacity Integrity

Revision
Monitoring 
and process

Data 
use Resources

Statistical 
professional 

practice
No prior 

data access
Legal 

environment

High income 0.92 1.00 1.00 0.88 1.00 1.00 0.96
Upper-middle 
  income

0.96 0.96 1.00 0.71 0.96 0.83 0.92

Lower-middle 
  income

0.95 1.00 0.75 0.65 0.95 0.95 0.85

Low income 0.80 0.90 0.60 0.30 1.00 0.90 1.00
East Asia & Pacific 0.86 1.00 1.00 0.71 1.00 1.00 1.00
Europe & Central 
  Asia

0.97 0.97 1.00 0.80 0.97 0.97 0.97

Latin America &
  Caribbean

0.93 1.00 0.93 0.67 1.00 0.93 1.00

Middle East & North
  Africa

0.86 1.00 0.86 0.86 0.86 0.86 0.86

North America 1.00 1.00 1.00 1.00 1.00 1.00 1.00
South Asia 1.00 1.00 0.50 0.75 1.00 1.00 0.50
Sub-Saharan Africa 0.87 0.93 0.67 0.40 1.00 0.80 0.87

Note: This table summarizes novel data compiled by the World Bank and IMF and aligned to the United 
Nations Fundamental Principles of Official Statistics. IMF staff routinely conduct in depth audits with 
countries around the world including visits to National Statistics Offices and joint review of data sources 
and process documentation. We group a subset of the indicators arising from these audits displayed 
in the left-hand column of online Appendix Table B1, available at the JEP website, to three high-level 
categories: Quality (indicators 4.3 and 0.4); Capacity (indicators 5.1 and 0.2); and Integrity (indicators 
1.1, 1.2, and 0.1). Table B1 in the online Appendix includes more background on each indicator.



Noam Angrist, Pinelopi Koujianou Goldberg, and Dean Jolliffe      229

is that the lowest scores are observed in middle-income countries. Only 83 percent 
of upper-middle income countries specify that there is no internal governmental 
access to statistics prior to their release. Moreover, only 85 percent of lower-middle 
income countries have a legal environment that clearly delineates responsibilities 
for the collection and processing of data, compared to 96 percent of high-income 
countries and 100 percent of low-income countries. These patterns suggest that 
manipulation may be more feasible where there exists a threshold level of statis-
tical capacity and sophistication that can potentially be used to promote political 
agendas. 

Overall, constraints on statistical capacity emerge as a major factor affecting the 
quality of implementing the System of National Accounts in low-income countries, 
while conditions for deliberate data manipulation are more likely to be observed in 
middle-income than low-income countries. 

The Role of the Agricultural SectorThe Role of the Agricultural Sector
The agricultural sector contributes about 5 percent of total world economic 

production but represents a much larger share in most developing countries.10 In 
Africa, agriculture is the largest sector and accounts for 15 percent of total GDP. In 
some developing countries, especially in Africa and South Asia, agriculture repre-
sents more than half of economic output (according to the World Development 
Indicators, https://data.worldbank.org/indicator/NV.AGR.TOTL.ZS?end=2019
&start=1960&view=chart). In addition, agriculture’s contribution to growth vola-
tility is about three times greater than the service sector‘s contribution (Koren and 
Tenreyro 2007). 

However, agricultural production is often poorly measured (Jerven and John-
ston 2015; Carletto, Jolliffe, and Banerjee 2015). In many low- and middle-income 
countries, the quantity of crops harvested on cultivated land or the amount of land 
cultivated are estimated in part through self-reported farmholder surveys which 
suffer from significant levels of measurement error (Abay et al. 2019; Dillon et al. 
2018; Gourley, Kilic, and Lobell 2019). For example, Carletto, Savastano, and Zezza 
(2013) show that self-reported plot sizes by the bottom decile of farmers (in terms 
of landholdings) are double what satellite measurements indicate. Similarly, the 
data used by Desiere and Jolliffe (2018) indicate that self-reported crop yields by 
the bottom quartile of farmers (in terms of landholdings) are about twice as large 
as actual yields.

Self-reports of the quantity and value of production are also fraught with 
measurement concerns. Many subsistence farmers sell relatively little of their 
crop output but are nonetheless frequently asked to report its value and quan-
tity. When market transactions do inform responses, they are frequently based 

10 The CIA World Factbook estimates agriculture value added to be 6.4 percent while the World 
Bank’s World Development Indicators estimates the value added of agriculture to global GDP to be 
about 4 percent (https://data.worldbank.org/indicator/NV.AGR.TOTL.ZS). Figure A4 in the online 
Appendix available at the JEP website shows worldwide estimates.

https://www.bizcommunity.com/Article/196/358/150465.html
https://data.worldbank.org/indicator/NV.AGR.TOTL.ZS?end=2019&start=1960&view=chart
https://data.worldbank.org/indicator/NV.AGR.TOTL.ZS?end=2019&start=1960&view=chart
https://data.worldbank.org/indicator/NV.AGR.TOTL.ZS
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in nonstandard units such as heaps, piles, buckets, or bags, which are often not 
comparable beyond a limited geographic area. For example, Capéau and Dercon 
(2006) note that a tassa (serving can) is commonly used to report market transac-
tions in Ethiopia, but the unit of measurement is known to be significantly larger 
in northern Ethiopia.

For countries with large agricultural sectors, the reliability of estimated GDP 
growth depends on how well agricultural activities are accounted for in national 
accounts. As national accounts focus on measuring total output, the methodological 
approach places greater emphasis on accurately capturing large farms’ produc-
tion. Agricultural household surveys, by contrast, typically focus on understanding 
constraints to improving yields and profits for smallholder farms, which comprise a 
sizable share of agricultural activity. Lowder, Skoet, and Raney (2016) estimate that 
there are 570 million farms worldwide, over 87 percent of which are small (less than 
2 hectares or about 5 acres) and family operated. Moreover, 95 percent of small- 
holder farms are in low- or middle-income countries.

We assess whether the high prevalence of smallholder farms in low- and middle-
income countries reduces the reliability of GDP growth estimates. To do so, we 
compare GDP value-added agricultural growth in national accounts and agricul-
tural growth proxied by a satellite-based vegetation index (see online Appendix 
available at the JEP website for a data description) from 2000 to 2018 across 87 
countries.

Table A4 in the appendix shows regression results. We find a positive and statis-
tically significant relationship of .317 for all farms, which suggests that the vegetation 
index is highly correlated with national accounts estimates of agricultural output. 
We next disaggregate the vegetation index by smallholder (column 2) and larger 
corporate agricultural growth (column 3), based on definitions from the NASA 
Moderate Resolution Imaging Spectroradiometer (MODIS). While large corporate 
agricultural activity has an even stronger relationship with GDP estimates, reflected 
in a statistically significant coefficient of .388, smallholder growth has no statistically 
significant relationship with GDP estimates. Including country and time fixed effects 
(columns 4 and 5) leads to qualitatively similar results.

These results are visualized in Figure 3, which shows the positive relationship 
between agricultural output based on national accounts estimates and the vegeta-
tion index for all farms. This is driven by the positive relationship with large farm 
output, while there is a strikingly flat and slightly negative relationship with small 
farm output.

These results are consistent with the interpretation that smallholder agricul-
tural activity is not well captured in official GDP as estimated in national accounts. 
This has substantial implications for the accuracy of growth measurement in devel-
oping economies, where smallholder farms are particularly important. 

Informal or Shadow/Underground Economy Informal or Shadow/Underground Economy 
Developing countries are also characterized by a large informal sector, defined 

broadly as economic activity that is invisible to government, either because firms are 
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not registered (and hence avoid taxes and regulations) or workers are not registered 
(and hence do not receive social protection). The concept of “informality” was born 
in Africa; in Ghana, “informal income opportunities” are common for individuals, 
and in Kenya, it is typical for enterprises to be informal (Charmes 2012). 

The informal economy is also occasionally referred to as the “shadow” or 
“underground” economy. Illegal activities are typically not well captured in measures 
of GDP based on the System of National Accounts, though they are arguably impor-
tant in some countries. For example, in Afghanistan, the drug industry is estimated 
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Figure 3 
Measuring Agricultural Output: Comparing Growth Based on National Accounts 
and Satellite-Based Vegetation Growth 

Source: Author calculations based on satellite images and data from Landstat8, and farm type 
classifications based on NASA definitions. 
Note: Data for the agriculture vegetation index was produced from satellite imagery. The distinction 
between smallholder and larger corporate farms is based on definitions from the NASA Moderate 
Resolution Imaging Spectroradiometer (MODIS). For a description of the data, see the online Appendix 
available at the JEP website. We run regressions using panel data from 2000 to 2018 across 87 countries 
in which the share of agricultural employment is above 25 percent.
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to comprise as much as one-third of GDP but is largely not accounted for in official 
growth statistics (Buddenberg and Byrd 2006). In contrast, farmer self-reports of 
poppy production in Afghanistan’s national household survey are substantial and 
do not appear to suffer from significant nonresponse problems.11

The informal sector represents a major measurement challenge in developing 
countries—especially in sub-Saharan Africa—for the same reasons that agricul-
ture is a challenge. This is in part because there is substantial overlap between 
agriculture and the informal economy. Based on data from household surveys in 
69 countries, the International Labour Organization (2018) estimates that the 
informal economy represents 41 percent of GDP in sub-Saharan Africa, ranging 
from less than 30 percent in South Africa to 60 percent in Nigeria, Tanzania, and 
Zimbabwe.12 Charmes (2012) reports that in the 2000s in sub-Saharan Africa, the 
informal sector (including the agricultural household sector) contributed nearly 
two-thirds of GDP, with the highest share in Niger (72.6 percent) and the lowest 
in Senegal (51.5 percent). Excluding agriculture, the informal sector represents 
approximately one-third of sub-Saharan Africa’s GDP. In India, Charmes (2012) 
estimates that the informal sector comprises 54.2 percent of GDP (or 38.4 percent 
if agriculture is excluded). Using data from 158 countries from 1991 to 2015, 
Medina and Schneider (2018) estimate the average size of the “shadow” economy 
to be 31.9 percent of GDP, with the highest shares in Zimbabwe (60.6 percent) 
and Bolivia (62.3 percent). In sum, while specific estimates vary, existing work 
indicates that the share of the informal economy in low-income countries is 
substantial.

The contribution of informal enterprises to GDP can be measured in multiple 
ways, including surveys of establishments and households or by the residual differ-
ence between national expenditure and income statistics. However, since the 
contribution of informal labor employed in formal enterprises (as an intermediate 
input) is not included in GDP measurement of final output, this approach likely 
results in underestimates of the contribution of the informal sector to GDP. More-
over, it also likely results in underestimates of growth, as it is generally believed that 
informal employment in formal enterprises is growing in developing countries. This 
underestimation is more pronounced in countries with both large informal employ-
ment and a large number of formal enterprises, which tend to be middle-income 
economies.13 Overall, these considerations suggest that the mismeasurement of the 

11 Buddenberg and Byrd (2006) provide several explanations for this, one of which is that there is a 
tradition of openness about discussing poppy production in part due to the legacy from when opium 
bazaars were common and out in the open. There is also the issue that the household interview is about 
crop production and not drug production, and that the poppy is just one crop of many that the farm 
households are asked about. 
12 For estimates of the informal economy worldwide, see Figure A5 in the online Appendix available at 
the JEP website. 
13 On the other hand, as Charmes (2012) points out, the way the informal sector is treated in the 
SNA-based measures of GDP may also lead to overestimates of its contribution to GDP because current 
measurement practice is premised on the assumption that the household sector can be assimilated into 
the informal sector. This assumption may be true in low-income countries characterized by subsistence 
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informal sector’s contribution to growth may be a bigger issue in middle-income 
than low-income countries.

These measurement challenges are presumably biggest during policy changes 
that affect the formal and informal sectors differently. For example, in India real 
gross value-added growth for the informal sector is proxied by the Index of Industrial 
Production, which is mostly composed of formal sector firms. While this approach 
may work reasonably well during normal times, it likely overstated growth in the 
aftermath of India’s demonetization and the Goods and Services Tax (GST)—both 
policy changes that have been shown to have disproportionately impacted the 
informal sector (Subramanian 2019; Chodorow-Reich et al. 2018). 

Price MeasurementPrice Measurement
Price deflators are needed to obtain changes in real GDP, but prices are often 

poorly measured in developing countries. For example, a recent controversy in 
Rwanda regarding poverty measurement resulted from differences in inflation 
measurements: while the Consumer Price Index (CPI) suggested that Rwanda’s 
inflation rate from 2011 to 2014 was 23 percent, the National Institute of Statistics 
in Rwanda (NISR) used a 4.7 percent inflation rate to calculate poverty rates. There 
were also substantial differences in inflation rates between urban and rural areas, 
which are largely not captured in the official price index (as reported by Wilson and 
Blood 2019). In India, Subramanian (2019) flags that the use of a manufacturing 
Wholesale Price Index as a proxy for producer prices of services in the mid-2010s, 
a time of sharply declining oil prices, could have led to gross value-added and real 
growth being overstated.

Some prominent data series on national income lack underlying data on price 
levels, particularly in developing countries. Young (2012) notes that in 2006 the 
UN National Accounts database providing GDP estimates in current and constant 
prices was missing more than half of all 1,410 observations across 47 sub-Saharan 
African countries from 1991 to 2004. Moreover, among 15 of the countries for 
which the complete time series are published, there was no constant price data. 
Similarly, Young (2012) notes that the purchasing power parity index in the Penn 
World Tables (PWT) version 6.1 provides real incomes for 45 sub-Saharan African 
countries, but 24 do not have a benchmark study of prices. In 2005, the World 
Bank’s International Comparison Program (ICP) measured prices for 146 coun-
tries, for the first time including many previously-excluded developing countries. 
Accordingly, a substantial revision was conducted between PWT 6.1 and PWT 7.0 to 
include this new price data, resulting in large differences between countries in per 
capita income and larger growth estimates for many countries, especially in Africa 
(Young 2012).

The IMF has collected a dataset to assess statistical practices for price indexes 
in 193 economies along a variety of dimensions (Berry et al. 2019). The data show 

agriculture and a small formal sector, but is less likely to hold in emerging economies with larger and 
growing formal sectors.
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that while consumer price indexes are available in all economies, compliance with 
the international standard Classification of Individual Consumption According 
to Purpose (COICOP) system varies substantially by income category: there is 
92 percent adoption in high-income countries, and between 57 and 75 percent 
adoption in low- and middle-income countries. While 87 percent of high-income 
countries have national expenditure coverage in their consumer price index, only 
62 percent do so in low-income countries, with a substantial share (25 percent) of 
countries deriving price information from capital cities only.14

When looking at information on producer price indices in this IMF data, 
we find a steep gradient of data availability by income category. Availability of 
information on producer price indexes is 79 percent for high-income countries 
and only 41 percent for low-income countries. The timeliness of producer price 
index data follows a similar pattern, with monthly data available for 63 percent of 
high-income economies but only 12 percent of low-income economies. In terms 
of alignment to a recent classification system vintage, such as to the International 
Standard Industrial Classification of All Economic Activities (ISIC) Revision 
4, 56 percent of high-income economies align with this vintage, compared to 
less than 9 percent of low-income economies. In addition, when developing a 
producer price index, the IMF recommends starting with the mining, manufac-
turing, and utilities sectors, and expanding coverage to more complex activities, 
such as services over time. We find that while around 60 percent of high-income 
countries include at least the mining, manufacturing, and utilities sector, only 
16 percent of low-income economies do so. No low-income country includes any 
sectors beyond mining, manufacturing, and utilities.15 

Finally, we examine the practice of “inflation targeting” which refers to the 
central banking policy aimed at achieving a specific annual rate of inflation. This 
practice is seen to be a strong proxy for the quality of national accounts systems as 
it provides a direct incentive for national statistics offices and government minis-
tries to have accurate and timely price information (Carson, Enoch, and Dziobek 
2002). We find that while 65 percent of high-income countries practice inflation 
targeting, only 12 percent of low-income countries do. This indicator can be 
viewed as a summary statistic for many of the more specific price indicators, as 
quality and timeliness of each of the specific price indicators makes this practice 
possible. 

Altogether, we find strong evidence from the IMF data that price data in lower 
income countries is often lacking, out-of-date, or not aligned to best practice.

14 For detailed data on price indexes by country and the Classification of Individual Consumption 
According to Purpose system, see Table A5 in the online Appendix available with this paper at the JEP 
website. 
15 For a table showing a more detailed list of price index practices compiled by the IMF across 193 econo-
mies by Berry et al. (2019) as well as a breakdown by high-income, upper-middle income, lower-middle 
income, and low-income countries, see the online Appendix available with the paper at the JEP website. 
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Do Measurement Challenges Explain Gaps between Alternative Growth Measures?Do Measurement Challenges Explain Gaps between Alternative Growth Measures?
We now examine how each factor discussed in the previous subsections influ-

ences the reliability of growth measurement, as proxied by concordance among 
various growth measures. For example, when we compare GDP and lights data, the 
average elasticity between the growth estimates based on these two data sources 
is around 0.37. If a country’s GDP is substantially higher than the best-fit line, 
this raises a flag that the country might be manipulating its GDP estimates; GDP 
can be manipulated to higher numbers for political purposes but satellite-based 
night-lights data cannot. 

Figure 4 shows in Panel A the average elasticity between lights and GDP, illus-
trating deviations from the average elasticity for a select group of countries: China, 
India, Rwanda, Nigeria, Liberia, and Cambodia. Notably, the GDP growth estimates 
for China, India, Nigeria, and Rwanda—each of which have faced controversies 
regarding their statistics—lie above the line of best fit, which is consistent with the 
idea that these countries might be reporting higher growth relative to real economic 
activity for political purposes. However, this divergence could also be due to other 
factors; for example, using an inaccurate price index to calculate real GDP could 
inflate GDP relative to real economic activity. In the case of Cambodia and Liberia, 
which lie below the line of best fit, the divergence might be explained by the coun-
tries’ large informal economies, which can be observed by night lights but are not 
fully accounted for in GDP estimates.

We examine whether controlling for factors that we suspect may be respon-
sible for growth mismeasurement reduces the divergence from the average elasticity 
and increases the R-squared of the associated regression. In Figure 4, we focus on 
a subset of 74 countries which heavily rely on agriculture (defined as a share of 
employment in agriculture that is over 25 percent). The unconditioned correla-
tion in Panel A between the log of growth in GDP and night lights suggests a series 
of countries have growth rates that differ substantially from what is predicted by 
lights data. Controlling for a series of other indicators, including the satellite-based 
vegetation index (which plausibly captures smallholder agricultural economic 
activity) as well as agricultural value-added in national accounts and price measure-
ment practices (Panel B), results in a tighter concentration around the fitted line 
as revealed by the substantial increase in R-squared from 0.269 to 0.577. Several 
countries (for example, Cambodia, India, Liberia, Nigeria, and Rwanda) are no 
longer outliers. This suggests that the divergence observed in Panel A may have 
been driven by the presence of smallholder agriculture, the informal economy, and 
challenges in measuring price changes. Notably, China does not converge substan-
tially, suggesting the plausibility of GDP data manipulation.

In the online Appendix, available with this paper at the JEP website, we conduct 
this exercise with 164 countries (see Figure A6), successively adding more control 
variables which helps further explain the difference between night-lights data and 
the SNA-based measures of GDP. For example, when we condition on our IMF data 
that is based on the Reports on the Observance of Standards and Codes, we no 
longer observe any outliers among the 60 countries for which we have data (Figures 
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Figure 4 
Comparing GDP and Lights with and without Vegetation Index Controls

Source: Author calculations based on data from the World Bank, vegetation satellite data from Landstat8, 
as well as quality, capacity and price data from the IMF. 
Note: Figure 4 includes average growth for 74 countries from 1992 to 2012 for lights and GDP. Panel A 
plots the bivariate correlation of the log growth of GDP and lights. Panel B conditions this relationship 
on the vegetation index, quality, capacity, price measurement practices, agricultural value-added in 
national accounts, and the share of GDP attributed to natural resources.
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A7 in the online Appendix). This suggests that when the aforementioned chal-
lenges of measuring GDP are accounted for, the correlation between night-lights 
data and GDP is high. In short, the measurement challenges reviewed in this paper 
matter substantially and can help explain discrepancies in growth measurement..

How Can We Do Better? How Can We Do Better? 

What are some concrete steps that could improve growth measurement in 
developing countries? While some constraints may be political, such as policy-
makers who may not be interested in statistical practices that could make them look 
bad, good measurement can also shine a light on progress and reveal fruitful areas 
for policy action. Duly noting the political constraints, we now discuss a few areas 
for improvement.

Improve Statistical CapacityImprove Statistical Capacity
Improving statistical capacity is an obvious and frequent recommendation, but 

also a challenging one. International efforts to support national statistics offices are 
often focused on one-off data collection activities with limited attention to building 
the skills and knowledge of national statisticians or to developing data systems. 
Collecting data is a relatively well-defined task with a clear end date that usually 
wraps up with a completion report. Investments to improve statistical capacity are 
much more difficult to monitor, less certain to succeed, time-consuming, and often 
lacking clear outcome deliverables.

Infrequent GDP rebasing is one specific problem facing many developing coun-
tries that would be feasible to address. Moreover, when countries do update their 
GDP base years, they often do not adequately explain or document the changes; 
the resulting GDP volatility contributes to perceptions of possible data manipula-
tion. While the 1993 SNA guidelines state a preference for moving away from fixed 
base-year methodologies towards annual chain indices, they recognize that some 
countries with limited statistical capacities will need to continue following fixed-base 
year methods. For these countries, the base year should be updated annually and 
then estimates should be linked across base years to maintain comparability of 
trend data (IMF 1993). This approach keeps reference prices (and thereby implicit 
weights) current, while also smoothing out discrete GDP breaks. 

Combine Traditional Data with Innovative Data SourcesCombine Traditional Data with Innovative Data Sources
An explosion of new and publicly available data sources has taken place over the 

last decade: web-scraping, Google searches, digital transactions, mobile phone meta-
data, social media usage, satellite data,  and others. There are important examples 
of these sort of data outperforming traditional data sources: for example, Blumen-
stock, Cadamuro, and On (2015) use mobile phone metadata to estimate poverty 
and wealth, and Cavallo and Rigobon (in this journal, 2016) use web-scraped price 
data to estimate inflation. These new sources of data are illuminating and useful 
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but should be viewed as complements rather than substitutes for traditional data 
for several reasons. 

First, national income accounting relies on a wide array of data sources 
including data collected by other government agencies for administrative purposes, 
national surveys, and censuses. Most of these data were collected for purposes other 
than national income accounting. For example, population census, agricultural 
census, industrial census, price surveys, household surveys, and labor force surveys 
were designed for other purposes (like reducing the harms of poverty, food inse-
curity, and unemployment). Even if replacing a traditional data source with a new 
one proved successful for the narrow purpose of estimating GDP, dropping or 
neglecting the traditional source would most likely damage the ability to fulfill its 
primary purpose. 

Second, traditional data sources typically seek complete coverage of current 
populations, although they certainly face challenges in doing so, such as underrep-
resentation of informal settlements, slum inhabitants, and top-income earners. In 
contrast, while data from new sources can be massive in sample size and very timely, 
they are rarely representative of the population of a nation (for example, Blank and 
Lutz 2017). 

Third, the joint use of traditional and newer data offers complementarities, as 
in the examples we include in this paper of supplementing GDP measurement with 
satellite-based data on night lights or vegetation yields. Another example is agricul-
tural yield measurement: while traditional fieldwork is useful for obtaining estimates 
of average yield, satellite data can help improve estimates of yield variations (Lobell 
et al. 2020). Likewise, using satellite data to augment traditional sampling frames 
(Tollefson 2017) based on population censuses is another example of a useful hybrid 
approach. The modal frequency for population censuses is once every ten years; a 
common practice is to survey samples at annual or more frequent intervals within 
geographic areas, then use the decadal census-based population weights to extrapo-
late annual results for the country. Sampling frames based on population censuses 
are often inaccurate even when fresh, because of coverage problems (particularly 
in densely populated areas and informal settlements), and they become outdated 
over time. Cross-country analysis by the Bongaarts and Bulatao (2000) finds that 
population counts from censuses are off by 3 percent on average in the year the 
count was carried out, and that the five-year projections from the base year are off by 
6 percent. Supplementing population frames with a combination of satellite-based 
estimates of housing structures and on-ground sampling of inhabitants per typical 
structure can provide more accurate estimates. More accurate population estimates 
would have a direct role on GDP per capita estimates and could also feed into future 
GDP measurements. 

Monitor Performance, Identify Gaps, Offer TransparencyMonitor Performance, Identify Gaps, Offer Transparency
Just as countries collect data to monitor the performance of their policies and 

programs, collecting metadata on national data and statistical systems would also 
have value. As noted, in 2021 the World Bank released the Statistical Performance 
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Indicators (SPI) as an upgrade to the earlier Statistical Capacity Index. Although 
the goal to measure the capacity of national statistical systems is the same, the new 
SPI has expanded into new areas including data use, administrative data, geospa-
tial data, data services, and data infrastructure. Continuing efforts to improve the 
quality of assessments of data systems can identify weak links and thereby target 
resources for improved measurement. 

In addition, the IMF regularly collects detailed information from countries on 
their practices with regard to the System of National Accounts, including GDP revi-
sion policies, data access prior to public release, and GDP compilation and public 
release practices. Much of this data exists in open-response text form and is publicly 
available on the IMF website for over 140 countries. As noted, the IMF recently 
codified a subset of this information into easy-to-analyze datasets (Berry et al. 2018; 
Berry et al. 2019). The IMF also conducts SNA audits, with detailed reports avail-
able publicly online for 83 countries. In this paper, we collaborated with the IMF to 
codify information available in these audits to create a usable dataset for the first 
time. Efforts similar to this one, which harness the global reach and infrastructure 
of institutions such as the IMF and the World Bank, could substantially improve 
information on national data and statistical systems.

Our analysis, and others like it, clearly show that many countries are not 
following the latest guidelines and compliance is far from complete. Poor transpar-
ency, including lack of commitment to open and easily-accessible data, is just as 
critical to address. Making data available to the public requires investing staff time 
and skill for documentation (including codebooks, field manuals describing proto-
cols, sample design, and metadata on coverage and response), de-identifying and 
preparing the data for safe dissemination, and other steps. This requires a culture of 
documenting and publicly disclosing the decisions made and methodologies used 
in GDP estimation. Just as “sunlight is the best disinfectant,” transparency limits 
both the scope for and perception of political manipulation of data.
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