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Abstract

This paper documents systematic and economically meaningful differences across the two most widely

used cross-country inequality databases, SWIID and WID. Using the full set of overlapping country-year

observations since 1980, we show that agreement between the databases is limited not only in levels but,

more importantly, in within-country dynamics. For market-income inequality in particular, correlations

decline sharply over time and are close to zero in recent decades. We further demonstrate that established

empirical findings are highly sensitive to the choice of inequality data. The divergence between databases

cannot be reduced to simple definitional differences such as population coverage or equivalization. Taken

together, our results imply that database choice is not a second-order technical detail but a central

determinant of empirical conclusions in the inequality literature.

Keywords: Income inequality; Gini coefficients; Inequality databases; Measurement error; Cross-

country panel data

JEL: D31, C23, C82, O15
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1 Introduction

This paper documents systematic differences across widely used cross-country income inequality datasets.

We show that these differences extend beyond dataset-specific measurement noise. In a range of replication

exercises, the choice of inequality dataset alone can reverse the sign of statistically significant coefficients.

The importance of measurement in the study of income inequality has long been recognized in the

literature. A 2015 special issue of the Journal of Economic Inequality examined eight different inequality

databases (Ferreira et al., 2015). Most contributions focused on methodological issues within individual

datasets1 rather than on systematic cross-database comparisons. Notable exceptions include Bourguignon

(2015), who compares two Latin American databases; Smeeding and Latner (2015), who contrast the World

Development Indicators (WDI) with the aggregator dataset “All the Ginis”: and Jenkins (2015), who

evaluates SWIID against its principal data source, the World Income Inequality Database (WIID).

In this paper, we focus on two of the most widely used cross-country inequality databases in the recent

literature: the Standardized World Income Inequality Database (SWIID; Solt, 2020), which produces

model-based, harmonized Gini coefficients for both market and disposable income, and the World Inequality

Database (WID), which combines national accounts, survey, and tax data and is particularly prominent for

top income share series.

Two recent broader comparisons of inequality databases that also include SWIID and WID are Brandolini

(2024) and Weso lowska (2025). However, both adopt a distinct geographic focus. Brandolini (2024) examines

a selection of advanced economies, with particular attention to Italy. This has the advantage that these

countries are covered by a wide range of high-quality data sources – including the Luxembourg Income

Study (LIS), often regarded as a benchmark, and the OECD database – but necessarily confines the analysis

to countries with comparatively mature statistical systems. By contrast, Weso lowska (2025) studies post-

socialist economies, including the transition period characterized by substantial institutional change and

evolving statistical capacity.

To the best of our knowledge, this is the first paper to compare SWIID and WID across the full set of

overlapping country-year observations, covering more than 5,000 observations in total.

In a first step, we document cross-country and within-country correlations – or rather, the lack thereof –

1Ravallion (2015) critically assess the Luxembourg Income Study (LIS), with a response by Gornick et al. (2015). Gasparini
and Tornarolli (2015) introduce the OECD database. Wittenberg (2015) discusses issues related to SWIID for South Africa.
Solt (2015) and Badgaiyan et al. (2015) respond to concerns raised by Jenkins (2015) regarding their respective databases.
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examine how they evolve over time, distinguish between long- and short-run comovements, and assess how

the correlation structure varies with self-reported data quality. For selected exercises, where short time series

and limited overlap are less restrictive, we also include other widely used datasets, namely the World Bank’s

Poverty and Inequality Platform (PIP ) and the World Income Inequality Database (WIID).

In a second step, we revisit established empirical specifications from the literature and evaluate their

sensitivity to the choice of inequality dataset. Unlike Blotevogel et al. (2022), who focus on sensitivity

to the choice of inequality metric (income shares versus the Gini coefficient), we restrict attention to Gini

coefficients and compare them across both databases. Because the Gini series reported in WID are internally

consistent with its income share data, this comparison allows us to assess whether differences in empirical

results that are often attributed to measurement instead reflect differences in the underlying data source.

While it is impossible to cover the full breadth of the empirical literature, we select studies employing a

range of empirical approaches: Furceri and Loungani (2018) use an annual dynamic panel framework; Dorn

et al. (2022) rely on five-year averages, thereby emphasizing medium- and long-run effects; and Funke et al.

(2023) adopt a synthetic control approach.

Our results indicate relatively low correlation not only in terms of levels (as has already been documented

in the previous literature) but also in terms of the dynamics. For disposable income Gini coefficients,

cross-country correlations in levels are generally high, but agreement in within-country dynamics is only

moderate. In contrast, correlations for pre-tax (market) inequality – particularly for SWIID-based measures

– are substantially lower and decline sharply over time. We find evidence of a long-run relationship

between SWIID and WID measures of market inequality, but no cointegration for disposable income Gini

coefficients. Even for market inequality, estimated relationships vary substantially across countries, rendering

robustness highly sample dependent. For all three of the excerises that we reproduce, we find stark differences

depending on the data source. While data overlap is insufficient to implement all empirical exercises using

WIID and PIP, the overall correlation structure we document suggests that the lack of agreement is unlikely

to be driven primarily by mechanical measurement differences such as population coverage or equivalization.
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2 Data

We are primarily interested in two databases, the Standardized World Income Inequality Database (SWIID),

compiled by Solt (2020), which has emerged as gold standard when it comes to larger cross-country studies

of the Gini coefficient in the past few years, and the World Inequality Database (WID) which is the by far

most comprehensive resource when it comes to the analysis of income shares.

This paper also covers the other two big inequality databses, namely the World Bank’s Poverty and

Inequality Platform (PIP) and the World Income Inequality Database (WIID). The latter, while being the

largest collection of income inequality data available, is not a standardized database but rather a collection

of independent databases with vastly different measurements making it cumbersome to work with in large

scale panel studies.

For the purpose of our study there is no such thing as “the sample”. All the databases we consider

differ in their coverage and overlap. When comparing two datasets we use entire overlap available. The only

restrictions we make are that we look at data starting in 1980 only, and that we focus on countries rather

than subnational entities (such as US states) that are covered in some of the datasets.

In the following four subsections we describe the measurements used in the different datasets. Although

our primary focus is on SWIID and WID, we start with the WIID, since SWIID – as the name implies – is

essentially an extension and standardization of WIID, and thus easier to describe based on WIID.

Table 1 summarizes the key features and coverage of the four datasets.

There are of course other databases, such as the Luxembourg Income Study and the data provided by

the OECD. However, while the data quality of those databases might be the highest, they are only available

for a comparably small set of (typically rich) countries. In this paper we want to focus on looking at data

for large panel studies, as, e.g., A, B, C and D. LIS data and other comparable sources are therefore not

included, or rather only included indirectly, since they do inform the big aggregator databases such as WIID

and SWIID.

2.1 World Income Inequality Database (WIID)

The World Income Inequality Database (WIID) is the by far largest collection of country level income

inequality data from almost 400 different sources. Yet, since WIID merely collects but does not standardize
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the data, it is by and large unsuitable for panel type analysis. Even when ignoring different sources and

treating data as equivalent as long as details of measurement match, over five different resources they refer

to in their income inequality measures (earnings, net income, gross income, unspecified income, or even

consumption) there are more than 260 unique combinations of scale (such as per capita measurements or

equivalized household members), sharing and reference units (households or individuals), and area coverage

within the reference country and population coverage (in terms of gender, age, etc.). Even when just looking

at gross or net income, we still have 80 different measurements for each of those categories.

Clearly, this degree of heterogeneity is problematic for cross-country analysis. However, for the purpose

of our paper, it would make little sense to standardize WIID, essentially replicating an ad-hoc version of

what SWIID already provides. Instead, we want to get an idea how well raw but reasonably carefully

selected WIID data coincides with the other database. To match the main indicators of the databases we

primarily consider, we only look at net income and gross income. For both of those, we pick the longest

available time series for evey country separately. To this end we identify the combination of scale, sharing

unit, reference unit, area coverage, and population coverage with most observations for the Gini coefficient

for each country. The corresponding data is then treated as “the” WIID observations for the respective

country. When there is more than one observation matching our criteria, we pick the observation with the

most reported indicators as the observation for the respective country-year pair. Any observation where

metadata is missing is dropped before this procedure. In consequence, our WIID sample is the smallest of

all four databases considered despite the WIID being the largest database.

2.2 Standardized World Income Inequality Database (SWIID)

The SWIID tried to overcome one of the main issues of the WIID by standardizing the data to the

measurements used in the Luxembourg Income Study (LIS), i.e., full population and area coverage, using

square-root equivalize household income for both net and gross income. Unlike other income inequality

databases, at this point the SWIID does not aim to provide a large range of different measures but focuses

on Gini coefficients alone.

Since data following the LIS standard is not available for many countries and only for some years in

others, the major part of the SWIID data is estimated based on within and cross-country correlations

between different measures of income inequality. To account for the resulting uncertainty, SWIID does not
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Table 1: Database conventions and coverage

abbr. income equivalence mean sd observations
SWIID SWIIDM market square-root equivalized 45.5 6.3 5646

SWIIDD disposable square-root equivalized 38.2 8.5 5646
WID WIDM market adults, non-equivalized 56.8 10.6 11718

WIDD disposable adults, non-equivalized 53.4 12.9 11331
WIDalt

M market full population, non-equivalized 53.8 9.4 9504
PIP PIP disposable full population, non-equivalized 37.5 8.8 2304
WIID WIIDM market mixed 35.8 8.5 989∗

WIIDD disposable mixed 33.2 8.6 1287∗

∗ We only consider the longest available time series per country for the WIID and do not merge different
sources.
Note: We only use data starting in 1980. The German Democratic Republic and the Soviet Union are
dropped from the sample. For the selection procedure for WIID data see Section 2.1. We use the SWIID
way of nomenclature, referring to pre-tax income based Gini coefficients as Gini (market) and post-tax as
Gini (disposable).

only provide median estimates, but 100 sampled plausible time series for each countries, sampled from the

estimated distribution. Bootstrapping based on those samples allows to account for the estimated regressor

problems connected to their approach.

While our main correlations are based on the point estimates, we consider the standard errors which are

reported in the SWIID’s summary statistics as a quality measure for the respective observation.

2.3 World Inequality Database (WID)

The World Inequality Database is the by far largest resource reporting income shares. While the data is

growing to cover a larger variation of measurements, their current main release is focused on adult population,

distributing household income over all adults (over 20 years) living in a household rather than equivalizing

all members (including children) by the square-root apparoach (such as SWIID/LIS) or the OECD weights.

Although they focus on income shares, and are widely used in the corresponding literature using income

shares, they report a Gini-index based on those distributions as well allowing us to compare their data to

SWIID (which, as previously mentioned) only reports the Gini coefficient.

WID provides a far more detailed decomposition of income into its components, e.g., fiscal income, capital

income, etc., and also covers some indicators of wealth. However, since most of these are only covered by

WID (as far as the larger databases are concerned), we focus on their indicators for pre-tax and disposable
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income, conceptually corresponding to the “market” and “net” values from SWIID.

Most observations in WID come with a quality indicator ranging from 1 to 5. We treat missing quality

information as quality 1, i.e., the lowest data quality.

2.4 Poverty and Inequality Platform (PIP)

The World Bank’s Poverty and Inequality Platform (PIP) is more focused on poverty than income distribution.

While this might sound like an semantic difference at first glance, it is the reason that all their data is based

on disposable income or more precisely “disposable income or consumption”. This focus on poverty is also

the rationale that they do not equivalize the underlying survey data, but distribute income equally over the

number of household members, since particularly in poor countries there is little room for economies of scale.

Both a Gini coefficient and income deciles are reported in addition to a wide range of poverty indicators

(poverty gap, population below the poverty line, etc.), that are out of the scope of this work.

3 Results

3.1 Overall correlation

As a first descriptive step, we assess the overall correlation structure among the eight inequality measures;

see Table 2. Correlations are reported in the lower triangle, while the upper triangle reports the sample

sizes the pairwise correlations are based on. What is most striking is the low correlation between the SWIID

market-income Gini (SWIIDM ) and all other measures, including SWIID’s own disposable-income Gini

(SWIIDD). Whereas the correlations between SWIIDM and the alternative measures range from 0.2 to 0.6,

the remaining pairwise correlations are largely 0.8 or higher. While these correlations appear reasonably high

and may partly reflect idiosyncratic measurement error rather than structural differences, simple correlations

are likely to overstate the true degree of similarity. There has been a universally acknowledged trend of

decreasing inequality in many countries. Assuming this is present in most databases, the correlation is

partly driven by this joint trend, which is typically accounted for in most econometric models (for example

through time fixed effects).

The correlation between the WID market-income Gini based on adults only (WIDM ) and the alternative

measure based on the full population (WIDalt
M ) is indistinguishable from unity up to the third decimal

7



place. Since this is sufficient to establish that population coverage does not explain co-movement (or the

lack thereof) between WID and alternative measures, we do not consider WIDalt
M in the remainder of the

analysis.

Table 2: Correlation and sample overlap

SWIIDM SWIIDD WIDM WIDD WIDalt
M PIP WIIDM WIIDD

SWIIDM 5646 5634 5634 5634 2270 986 1267
SWIIDD 0.580 5634 5634 5634 2270 986 1267
WIDM 0.386 0.83 11331 9504 2304 997 1283
WIDD 0.218 0.828 0.952 9504 2304 989 1275
WIDalt

M 0.389 0.831 1.000 0.941 2304 989 1274
PIP 0.517 0.904 0.877 0.799 0.878 792 1010
WIIDM 0.419 0.900 0.829 0.807 0.832 0.892 796
WIIDD 0.460 0.968 0.865 0.862 0.866 0.937 0.948

Note: Correlation at the lower left triangle, overlapping observations in the upper right triangle. SWIIDM

and SWIIDD denote the SWIID market- and disposable-income Gini measures. WIIDM and WIIDD

denote WIID market- and disposable-income Gini measures. WIDM and WIDD denote market- and
disposable-income Gini measures from the World Inequality Database. PIP denotes the disposable-income
Gini from the World Bank PIP database.

3.2 Panel based decomposition

In a next step, we assess whether the correlations reported in Table 2 are driven primarily by similar within-

country dynamics over time or by similarities in levels across countries. To this end we compare the R2 values

of two simple panel estimators: a within model (using country fixed effects) and a between model. Following

the convention in the panel inequality literature, our within model also includes time fixed effects; unlike the

raw correlations, the R2 values we report are therefore no longer polluted by a common (stochastic) trend.

In general, correlations between disposable-income Gini coefficients from different sources (Panel A) are

far higher than those between pre-tax Gini coefficients (Panel B); see Table 3. For disposable income,

between-country correlations are substantially higher than within-country correlations; even the lowest

cross-country R2 (0.554 between PIP and WIIDD) exceeds the highest within-country R2 (0.475 between

PIP and WIDD).In particular, within-country correlations involving WIIDD are low, with the correlation

between WIIDD and WIDD falling to 0.11. Since WIID does not impose a unified income definition and

is best understood as a database of databases rather than a harmonized inequality series, this result is not

unexpected.
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Table 3: Within- and between-country correlations of inequality measures

Panel A: Disposable-income Gini

SWIIDD WIIDD PIP WIDD

SWIIDD 0.658 0.807 0.870
WIIDD 0.207 0.554 0.784
PIPD 0.517 0.304 0.747
WIDD 0.515 0.116 0.475

Panel B: Market-income Gini

SWIIDM WIIDM WIDM

SWIIDM 0.125 0.099
WIIDM 0.218 0.581
WIDM 0.224 0.056

Notes: Entries below the diagonal report correlations based on within-country variation (from fixed-effects estimators
with time fixed effects). Entries above the diagonal report between-country correlations based on country-level time
averages. See Table 2 for variable definitions.

Apart from WIID, there is a reasonable degree of agreement between series even at the within-country

level. Since R2 corresponds to the squared correlation coefficient, values around 0.5 imply correlations of

roughly 0.7, which is somewhat lower than the 0.8 - 0.9 overall correlations reported in the previous section.

Even so, these magnitudes suggest that the different panels should still yield broadly comparable results

when used in empirical applications.

However, the results for market-income Gini coefficients differ markedly. Except for an R2 of 0.58 between

the market-income Ginis from WIDM and WIIDM at the cross-country level, there is little correlation

according to either the within- or between-country estimates. Notably, the within-country correlation

between SWIIDM and WIDM is slightly higher (around 0.2) than the correlation between WIDM and

WIIDM (0.06), deviating from the pattern for SWIIDM described in the previous section. While WIDM

is closely related to WIIDM in terms of levels, the two are essentially uncorrelated in terms of dynamics.

By contrast, WIDM exhibits at least some correlation with SWIIDM in terms of dynamics, despite being

largely unrelated to it in terms of levels.

That said, even the relatively high R2 values in the within models point to low correlation of dynamics,

implying that empirical excercises strongly depend on the choice of the data source. While the distribution of

disposable income may be more policy-relevant, from the perspective of econometric analysis the fundamental

lack of agreement across sources regarding the distribution of market income is highly concerning. Many

economic mechanisms believed to drive inequality primarily shape pre-tax and pre-transfer income (see, e.g.,

Furceri and Ostry, 2019; Malovaná et al., 2025).
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The generally low within-country R2 values point to a serious concern for applied research. While public

debate and descriptive work often focus on cross-country differences in inequality, empirical studies typically

rely on within-country variation to address unobserved heterogeneity.

3.3 Correlation structure over time

Notably, contrary to the expectation that improvements in data quality and coverage should lead to greater

agreement, the cross-sectional correlation between SWIID- and WID-reported Gini coefficients declines over

time, see Figure 1.This decline is subtle and occurs at a relatively high level for the disposable income Gini,

with the correlation fluctuating around slightly above 0.85 and slightly below 0.80 along a mildly negative

trend. However, for pre-tax Gini coefficients, the correlation collapses from around 0.6 in 1990 to essentially

zero by 2023.To verify that the decline is not driven by an expansion in country coverage over time at the

expense of data quality, we repeat the exercise using only countries that are available in both SWIID and

WID continuously from 1990 to 2023. The results are almost identical for the market income distribution

and slightly higher, though qualitatively similar, for disposable income.
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Figure 1: Cross-sectional correlations over time

Note: Full sample cross-sectional correlation between SWIID and WID in black, constant sample
cross-sectional correlations in red. Shaded areas show one standard error confidence bounds.

To assess changes in within-country correlations, we divide the sample into 10-year blocks covering 199
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to 1999, 2000 to 2009, and subsequent decades.In contrast to cross-sectional correlations, within-country

correlations of both market-income and disposable-income Gini coefficients do not display a clear trend (see

Table 4). There is mild evidence of a higher concentration of above-average R2 values in the final decade;

otherwise, correlations are low and exceptions appear randomly scattered.

While the average R2 between pre-tax Gini coefficients remains of the same order of magnitude as in the

full sample, the R2 between different measures of the disposable-income Gini within the 10-year blocks is

markedly lower than in the full sample.This indicates that the relatively high correlation found earlier may

be driven by a long-term relationship rather than by similar dynamics. Therefore, in the next subsection we

proceed to DOLS estimates to explicitly address the long-run relationship between the variables.

Table 4: R2 if panel regressions between different Gini measures

1980 1990 2000 2010
Disposable Income

SWIIDD vs. WIDD 0.01 0.19 0.12 0.05
SWIIDD vs. WDI 0.32 0.25 0.41 0.36
SWIIDD vs. WIIDD 0.15 0.14 0.29 0.44
WIDD vs. WDI 0.07 0.09 0.30 0.24
WIDD vs. WIIDD 0.00 0.00 0.04 0.14
WDI vs. WIIDD 0.58 0.13 0.15 0.43

Market Income
SWIIDM vs. WIDM 0.10 0.24 0.07 0.04
SWIIDM vs. WIIDM 0.03 0.00 0.15 0.40
WIDM vs. WIIDM 0.00 0.03 0.03 0.11

3.4 Long-run vs. short run relations between measures

To assess whether a long-run relationship exists between different measures of the Gini coefficient, we

examine panel cointegration. Many widely used approaches to panel cointegration rely on a single-equation

representation of an underlying VAR process, which requires weak exogeneity (see, e.g., Pesaran et al.,

1999; Westerlund, 2007).For different noisy measures of the same underlying true quantity toward which

the measures converge, this assumption is clearly violated. We therefore employ the simple residual-based

test proposed by Westerlund (2005). Compared to the tests of Pedroni (1999), the test exhibits smaller size

distortions and allows inference against two distinct alternatives to the null hypothesis: (a) cointegration in

at least one panel, and (b) cointegration in all panels.
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As in the previous analysis, we are not concerned with comovements arising from common inequality

trends across countries, as these would be eliminated in standard empirical specifications. Accordingly,

we demean the data by period-specific cross-sectional means.The results of the cointegration tests and the

corresponding estimates of the long-run relationship obtained using panel fully modified OLS (FMOLS) are

reported in Table 5. Although FMOLS is only consistent under cointegration, we report the estimates for

completeness regardless of the outcome of the cointegration tests. Since cointegration tests and estimators

of long-run relationships rely on large T asymptotics, we restrict the sample to countries for which data are

consistently available from 1990 to 2023. As a consequence, analyses of pairings other than SWIID versus

WID are infeasible.

Table 5: Panel cointegration tests and FMOLS long-run estimates

Westerlund test FMOLS Obs.
Some panels All panels

SWIIDM vs. WIDM 2.770∗∗∗ 1.559∗ 0.59∗∗∗ 58 × 34
(0.003) (0.060) (< 0.001)

SWIIDD vs. WIDD 0.791 −0.414 0.48∗∗∗ 58 × 34
(0.214) (0.340) (< 0.001)

Notes: The table reports Westerlund variance-ratio panel cointegration tests and FMOLS long-run coefficient estimates.
For the Westerlund tests, p-values are reported in parentheses below the test statistics. The left column corresponds
to the alternative that at least one panel is cointegrated, while the middle column corresponds to the alternative that
all panels are cointegrated. FMOLS estimates are obtained using xtcointreg; p-values are computed from the reported
t-statistics under asymptotic normality. ∗∗∗, ∗∗, and ∗ denote significance at the 1%, 5%, and 10% levels, respectively.

Interestingly, we only find evidence of cointegration for market income Gini coefficients, despite the

fact that the large difference between full-sample and subsample correlations for disposable income Gini

coefficients suggested that those correlations might reflect a long-run relationship.

The estimated long-run coefficients are around 0.6 for market-income-based inequality and 0.5 for disposable-

income inequality. The latter estimate, however, should be interpreted with caution, as evidence for a

cointegration relationship could not be firmly established. Moreover, while the coefficients differ significantly

from zero, they also differ significantly from the expected value of one. If SWIID and WID were noisy

measures of the same underlying variable that follows a stochastic trend, the cointegrating coefficient between

them should be equal to one, even in the presence of large, serially correlated measurement errors that are

independent across the two databases. Therefore, although the positive long-run relationship suggests that

studies on the long-run effects of or on inequality are qualitatively robust to the choice between SWIID and
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WID, the resulting estimates may still differ substantially in magnitude, and thus in their implied economic

relevance.

More importantly, robustness may be highly sample dependent even when focusing exclusively on long-

run effects. Figure 2 shows that country-level FMOLS estimates vary widely, with a non-trivial share of

countries exhibiting negative long-run relationships between the SWIID and WID measures.

An additional caveat is that the – already quite low – level of long-run correlation may partly reflect data

selection. Focusing on countries with complete coverage over the entire period implicitly selects countries

with higher-quality inequality data. Accordingly, the median WID quality indicator for this subsample is

3, compared to a full-sample median of 1.

To examine this issue in more depth, the final subsection of this chapter studies the role of data quality

in explaining correlations between different inequality measures.
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Figure 2: Individual long-run coefficients

3.5 Data quality and agreement

Table 6 summarizes the distribution of data quality. For WID, we report the frequency of observations by

quality category, where the original scale ranges from 0 (lowest) to 5 (highest). Observations for which WID

does not report a quality indicator are coded as −1 and treated as a separate category. For SWIID, we
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report the minimum, maximum, and quartiles of the reported standard errors.

Table 6: Data quality indicators and SWIID standard errors

Panel A: WID quality indicators (frequency distribution)

−1 0 1 2 3 4 5 Mean Median
WID M quality 363 434 2458 313 705 1229 132 1.848 1
WID D quality 363 433 3072 182 346 1150 88 1.624 1

Panel B: SWIID standard errors (quantiles)

0% 25% 50% 75% 100% Mean Median
SWIID M s.e. 0.22 1.33 2.41 3.50 8.22 2.525 2.41
SWIID D s.e. 0.15 1.04 1.77 2.96 7.26 2.045 1.77

Notes: Panel A reports the frequency distribution of the WID quality indicators for market income (WID M) and
disposable income (WID D), together with the implied mean and median computed from the reported frequencies. Panel
B reports quantiles, mean, and median of the standard errors reported by SWIID for market income (SWIID M) and

disposable income (SWIID D).

As shown in the boxplot in Figure 3, there is a clear negative relationship between the data quality

indicator reported in WID and the standard error estimates provided by SWIID. In contrast to the overall

negative relationship, quality group 0, which relies on regional averages to replace missing data, is associated

with higher uncertainty than quality group 1, where missing observations are filled through within-country

inter- and extrapolation. The cut we use going forward to define high quality is between groups 2 and 3,

since all observations of quality grade 3 and above are based (at least) on survey data. This includes treating

missing quality indicators as low quality. For SWIID, we define high quality as observations with a standard

error below the median. We then repeat the panel exercise described in Subsection 3.2 on subsamples defined

by the four combinations of high and low quality for SWIID and WID, see Table 7.

Table 7: Between and within R2 by data quality combination

market disposable
WID quality SWIID S.E. between within obs. between within obs
high high 0.171 0.165 1819 0.905 0.294 1488
high low 0.089 0.162 247 0.869 0.15 96
low high 0.345 0.167 1002 0.59 0.212 1340
low low 0.229 0.119 2566 0.43 0.164 2710

Notes: High for WID quality refers to quality groups 3 to 5. High for SWIID standard errors refers to above median.

While we report all four combinations for completeness, there are barely any observations with WID

quality of 3 or above and high uncertainty according to SWIID. The results for the high/low group should
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Figure 3: WID data quality vs. SWIID uncertainty

Note: Boxes show interquartile ranges. Whiskers show minimum and maximum.

therefore be interpreted with caution due to the very limited number of observations.

As in the full sample, the R2 for market-income-based inequality measures is generally low. Looking

at cross-country correlations, the R2 is slightly higher when WID indicates low quality. However, this is

not necessarily encouraging, as it may reflect agreement in interpolation rather than in measurement. For

disposable income, we find the expected result that high WID quality combined with low SWIID standard

errors is typically associated with a higher degree of agreement. However, for within-country correlations,

even this relatively higher value remains low, with an R2 slightly below 0.3. In other words, even for

observations where both databases are confident in the quality of their data, they do not agree.

4 Revisiting specifications from the literature

In this final section, we revisit baseline models from well-recognized papers in the literature that use SWIID

inequality panel data. Although we refer to these exercises as a replications, we do not reproduce the original

papers exactly and therefore do not match their time span or country coverage. Instead, we estimate their

baseline specifications using the largest possible panel available for SWIID and WID Gini coefficients

and the required control variables. The aim is not replication, but an assessment of sensitivity within
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econometric frameworks that have been subject to scrutiny by the scientific community. Accordingly, we do

not reinterpret the economic implications of the original findings. While we briefly summarize the econometric

approaches employed in the respective papers, our focus is on how the results change when alternative

inequality databases are used rather than on defending or reassessing the original identification strategies.

The three papers we discuss are Furceri and Loungani (2018), Dorn et al. (2022) and the inequality

subsection of Funke et al. (2023).

Furceri and Loungani (2018) assess the effect of capital account liberalization on the pre-tax Gini

coefficient using a standard dynamic panel model with lagged dependent variables. Given the comparatively

long time dimension of their panel, the Nickell bias inherent in fixed effects estimation of dynamic panels

negligible. Accordingly, they rely on a conventional fixed effects estimator rather than GMM techniques

tailored to short panels. Such specifications are widely used in the literature, making their framework a

natural benchmark for our replication exercises.

Dorn et al. (2022) examine the effect of trade openness on inequality. A central feature of their

specification is the use of five-year averages instead of annual observations. Inspired by the growth literature,

this approach emphasizes medium- to long-run relationships and mitigates the influence of short-term

fluctuations and measurement noise in inequality data. Since we find that the correlation between WID and

SWIID measures is higher in long-run estimates than in short-run correlations, their framework provides a

natural benchmark for evaluating robustness across inequality databases in a long-run setting.

Finally, Funke et al. (2023) analyze the effects of populist episodes on several economic outcomes,

including inequality. In contrast to the previous specifications, this framework places the dynamics of

inequality at the center of the analysis. Replicating this setting therefore allows us to assess whether

differences across inequality databases matter when the evolution of inequality over time is the primary

object of interest.

4.1 Furceri and Loungami (2018, Journal of Development Economics)

We begin by replicating the baseline specification of Furceri and Loungani (2018). Their empirical framework

is based on an ARDL-type dynamic panel model inspired by Cerra and Saxena (2008), given by:
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∆ ln gi,t =

l∑
j=1

βj∆ ln gi,t−j +

l∑
j=0

δjDi,t−j +

l∑
j=0

υjXi,t−j + ui + vt + εi,t, (1)

where g denotes the Gini coefficient, D is a dummy indicating capital account liberalization, and X is a

vector of controls including dummies marking episodes of current account and regulatory reforms.2

All reform indicators are defined as dummies that take a value of one when the underlying policy indicator

changes by more than two standard deviations of its year-over-year change. Capital account openness is based

on the index proposed by Chinn and Ito (2008), current account openness on Quinn and Toyoda (2008), and

regulation on the Fraser Institute’s Economic Freedom of the World Index (see Gwartney et al., 2025, for

the latest annual report).

The original paper uses an unbalanced panel of 149 countries from 1970 to 2010. Requiring coverage

by both WID and SWIID reduces our sample to 119 countries. Consistent with our earlier analysis, our

sample starts in 1980, but can be extended to 2017 due to the latest update of the Quinn-Toyoda data,

which was not available when the original paper was written.

We make one adjustment to the model. Prior to 1995, the Economic Freedom of the World index is

only available at five-year intervals. While the level of the index is sufficiently persistent for interpolation

to be reasonable, this is not the case for the reform indicator, which is based on outliers in annual changes.

We therefore estimate one version of the model on the full sample excluding the reform indicator, and an

alternative version including the indicator that starts in 1996.

Our results (see Table 8) differ from those reported in Furceri and Loungani (2018). While they find

a significant positive contemporaneous effect, we find a significant effect only with a two-year delay when

using SWIID data and only in the short sample (i.e., using their set of controls). The difference may reflect

changes in the sample, but also updates in the underlying databases. Brandolini (2024) document substantial

revisions between SWIID versions 9.4 and 9.6, released only one year apart. The gap between version 3.1,

used by Furceri and Loungani (2018), and version 9.91 used in our analysis is considerably larger.

Since we are interested in measurement effects rather than robustness more generally, we focus on pairwise

comparisons of results based on the same sample that differ only in the choice of inequality data. The effects

of capital account liberalization change sign and become significantly negative when replacing SWIID with

2In Furceri and Loungani (2018), g denotes the log difference of the Gini coefficient rather than the Gini coefficient itself.
For consistency with the other exercises, we use g to denote the Gini coefficient throughout. With this notational change, our
equation corresponds to their equation (1).
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Table 8: Results of the Furceri and Loungani (2018) model

(1) (2) (3) (4)
Dependent ∆ lnSWIID ∆ lnWID ∆ lnSWIID ∆ lnWID
∆ ln gt−1 0.466∗∗∗ -0.116∗∗ 0.576∗∗∗ 0.0602

(0.122) (0.0533) (0.0701) (0.0533)
∆ ln gt−2 0.0465 -0.0864∗∗ 0.0466 0.0211

(0.118) (0.0418) (0.0744) (0.0520)
KALt -0.0155 -0.721 0.0491 -0.388

(0.134) (0.873) (0.0485) (0.352)
KALt−1 -0.0871 -0.245 0.00537 0.160

(0.0799) (0.623) (0.0409) (0.189)
KALt−2 0.166∗∗ -1.271∗∗∗ 0.00808 -0.316∗

(0.0772) (0.439) (0.0499) (0.163)
CALt 0.0414 -0.629 -0.0264 -0.427∗

(0.0919) (0.586) (0.0420) (0.243)
CALt−1 -0.0407 -0.0305 -0.0356 0.0617

(0.0794) (0.535) (0.0417) (0.182)
CALt−2 -0.136∗ 0.516 0.00977 0.221

(0.0755) (0.439) (0.0494) (0.211)
reformt 0.0978 0.547

(0.102) (0.456)
reformt−1 -0.116∗ 0.136

(0.0679) (0.322)
reformt−2 -0.0619 -0.134

(0.0515) (0.392)
Within R2 0.260 0.255 0.441 0.323
Observations 1410 1410 3077 3077
Countries 118 118 119 119

Note: Heteroscedasticity robust standard errors clustered at country level in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗

p < 0.01. KAL = capital account liberalization, CAL = current account liberalization, reform = regulatory reform. We
multiply log differences by 100 to approximate growth rates to obtain well scaled coefficients for display.

WID. The significant effects of control variables found when using SWIID disappear when using WID.

The dynamics also differ sharply. While the growth rate of SWIID exhibits considerable persistence, the

autocorrelation of the WID growth rate is negative or indistinguishable from zero, depending on the sample.

4.2 Dorn, Fuest and Potrafke (2022, Economic Inquiry)

DornFuestPotrafke2022EconInquiry estimate:

gi,t = βopeni,t + ΓXit + ui + vt + εi,t, (2)
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where open is trade openness and X is a vector of controls including real GDP per capita, total population

(both in logs), the age dependency ratio, FDI, and the KOF indices for political and social globalization

developed by Dreher (2006).

Following Felbermayr and Gröschl (2013), they address the endogeneity of trade openness by instrumenting

it with predicted openness constructed from a gravity model of bilateral openness. Specifically, they first

estimate a gravity equation in which bilateral openness (rather than exports) is explained by strictly

exogenous determinants of trade. Predicted bilateral openness is then aggregated to obtain a country-level

measure of predicted openness, which serves as the instrument. In addition to standard geographic variables

(distance and common borders) and population in both countries, summarized in the vector Zi,j,t, the first-

stage specification incorporates large-scale natural disasters Dj,t in partner countries and their interactions

with bilateral characteristics to generate time variation in predicted openness.

The first-stage equation, which is estimated through PPML, is given by

ωi,j,t = exp
[
δDj,t + γ′Zi,j,t + λ′ (Φi,j,tDj,t) + νi + νj + νt + ei,j,t

]
, (3)

where Φi,j,t includes financial remoteness (Rose and Spiegel, 2009), population, and land area of country j,

as well as the common border indicator.

Since predicted openness ˆopeni,t is constructed by aggregating predicted bilateral openness ω̂i,j,t over j,

i.e.,

ˆopeni,t =

N∑
j=1

ω̂i,j,t, (4)

the resulting instrument depends exclusively on exogenous characteristics of trading partners and bilateral

geography. To reduce the risk that events classified as disasters reflect local structural conditions rather

than exogenous shocks, the sample is restricted to severe events involving at least 1,000 fatalities, 1,000

injured individuals, or 100,000 affected persons. From the perspective of country i, variation induced by

natural disasters in partner countries is therefore plausibly exogenous, even though such disasters may affect

economic outcomes in the partner countries themselves.

The original paper uses 139 countries over 1970-2014. Our sample includes more countries, reflecting the

broader coverage of the current SWIID release. However, the sample begins only in 1996, as we rely on

CEPII’s BACI trade data (Gaulier and Zignago, 2010). BACI reconciles mirror flows from UN Comtrade
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and is commonly used for its consistent bilateral trade measures (Flach and Gräf, 2020).

Table 9 reports the OLS and IV results. Columns (1)-(4) use SWIID (as in the original paper), and

columns (5)-(8) use WID. Differences between the SWIID- and WID-based results persist but are less

pronounced than in our replication of Furceri and Loungani (2018). The age dependency ratio is significant

in the SWIID specifications but loses significance when using WID. Similarly, lagged large-scale disasters

are no longer statistically significant under WID, although the estimated coefficients remain comparable in

magnitude. Trade openness is insignificant in all specifications, in line with the full-sample results reported

by Dorn et al. (2022). Overall, consistent with our discussion in Section 3.4, robustness across inequality

measures improves when focusing on long-run effects.

4.3 Funke, Schularick, Trebesch (2023, American Economic Review)

In their extensive work, Funke et al. (2023) identify more than 50 populist episodes since 1900 and estimate

their effects on political and economic outcomes using synthetic control methods and local projections. For

our replication, we focus on one of their empirical specifications: the estimation of synthetic counterfactuals

for the evolution of the Gini coefficient following the entry of a populist leader into office. Even in the original

paper, this specification can only be estimated for a subset of episodes due to data availability constraints.

Requiring consistent coverage in both SWIID and WIID, as well as a balanced panel for the implementation

of synthetic control methods, further restricts the sample. To maintain adequate country coverage and a

sufficiently large donor pool, we therefore limit the time dimension to 1990 - 2021. As a result, our pre-

treatment period is shorter than 15 years in all cases, and in some episodes considerably shorter than in

Funke et al. (2023).

The 10 episodes we consider are listed in Table 10. As in Funke et al. (2023), we do not include

additional predictor variables, but match exclusively on the pre-treatment path of the outcome variable. In

our case, the outcome is the disposable income Gini coefficient, alternatively taken from SWIID or WID.

By construction, the synthetic control is therefore driven entirely by the inequality series itself, making this

approach particularly suitable for comparing the two data sources.

As an illustrative case, Figure 4 reports the results for the Venezuelan episode beginning with the election

of Ch’avez in 1999. The corresponding results for the remaining episodes are shown in Figure A1 in the

appendix. We report the estimated gap between the observed outcome and its synthetic counterfactual,
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Table 10: Post-1995 Populist Episodes Used in the Replication

ISO3 Start Year End Year Leader Ideology

ISR 1996 1999 Netanyahu Right-wing
PHL 1998 2001 Estrada Left-wing
VEN 1999 2018 Chávez–Maduroa Left-wing
TWN 2000 2008 Chen Right-wing
ITA 2001 2011 Berlusconi Right-wing
JPN 2001 2006 Koizumi Right-wing
THA 2001 2006 Shinawatra Right-wing
ARG 2003 2015 Kirchner–Fernández Left-wing
KOR 2003 2008 Roh Right-wing
TUR 2003 2018 Erdoğan Right-wing

Notes: Ideological classification (left-wing vs. right-wing populism) follows Funke et al. (2023). Populism is defined according
to the “people vs. elites” workhorse definition described therein.

a While Maduro is no longer in office, he still was at the end of our sample.
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Figure 4: Synthetic control results for Venezuela (1999). The figure shows the gap between treated and
synthetic disposable-income Gini, alternatively using SWIID (left panel) and WID (right panel).
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together with 68% and 95% confidence bands derived from placebo tests, shown in dark and light grey,

respectively. The results based on SWIID and WID differ markedly. While SWIID indicates a significant

decrease in inequality, this pattern is not confirmed by WID. Although the magnitude and direction of

effects vary across countries, a lack of close correspondence between the two data sources is evident in nearly

all cases (with the exception of Argentina and Italy). In all cases the short term volatility of the implied

gap is clearly higher for WID, in line with the autoregressive dynamics found in Subsection 4.1.

This finding is particularly striking because restricting the analysis to a balanced panel with consistent

30-year coverage effectively selects observations with comparatively high data quality. Nearly 60% of the

observations are rated as high quality (i.e., 3 or above) according to WID. Also, we focus on disposable

income inequality with a relatively higher agreement between databases. Nevertheless, the cross-database

results remain far from robust.

5 Conclusion

Our results indicate that empirical findings are highly sensitive to the choice of inequality database. Because

studies using WID typically rely on top income shares, while those based on SWIID use Gini coefficients, it

has been natural to attribute differences in results primarily to the inequality metric itself. As a consequence,

much of the literature has focused on how to interpret these measures economically and reconcile their

findings, rather than questioning the underlying data sources. However, we demonstrate that empirical

results differ sharply even when using the same inequality metric and the same country-year sample, varying

only the underlying database. We trace this back to persistently low correlations between the measures

across all dimensions, which neither improve over time nor strengthen more than moderately in subsamples

restricted to high-quality observations.

It is beyond the scope of this paper to determine which data source, if any, provides the most accurate

measure of inequality. From a measurement perspective, the WID approach – relying directly on surveys

and tax data – has clear advantages. By contrast, SWIID’s harmonization through statistical estimation

necessarily introduces additional uncertainty. At the same time, the smoother dynamics observed in SWIID

are consistent with the view that inequality evolves gradually, suggesting that neither approach can be

dismissed outright.
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When alternative inequality databases produce materially different results under identical specifications,

robustness cannot be assessed without explicitly considering measurement differences.
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(a) ISR 1996–1999 (Netanyahu)
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(b) PHL 1998–2001 (Estrada)
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(c) TWN 2000–2008 (Chen)

Figure A1: Synthetic control results28
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(d) ITA 2001–2011 (Berlusconi)
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(e) JPN 2001–2006 (Koizumi)
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(f) THA 2001–2006 (Shinawatra)

Figure A1: Synthetic control results (continued).29
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(g) ARG 2003–2015 (Kirchner–Fernández)

1990 1995 2000 2005 2010 2015 2020

−
6

−
4

−
2

0
2

4
6

8

swiid_d

year

ga
p 

(t
re

at
ed

 −
 s

yn
th

et
ic

)

1990 1995 2000 2005 2010 2015 2020

−
10

−
5

0
5

10
wid_d

year

ga
p 

(t
re

at
ed

 −
 s

yn
th

et
ic

)

(h) KOR 2003–2008 (Roh)
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(i) TUR 2003–2018 (Erdoğan)

Figure A1: Synthetic control results (continued).30


