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Income inequality is one of the most important measures to indicate

socioeconomic welfare and quality of life, and has implications for the

environment. Yet, especially at the subnational level, comprehensive global
dataonincome distribution are widely missing. Such data are essential for
assessing patterns of inequality within countries and their development
over time. Here we created seamless global subnational Gini coefficient and
gross national income purchasing power parity per capita datasets for the
period1990-2023 and used these to assess the status and trends of income

inequality and income, as well as their interplay. We show that while gross
national income has increased for most people globally (94%), inequality
has alsoincreased for around 46-59% (depending on the national dataset
used) of the global population, while it has decreased for 31-36% and has
not shown asignificant trend for 10-18%. We illustrate heterogeneities
ininequality trends between and within countries, analyse plausible
confounding factors related to inequality, and highlight the broad utility
of the datasets through a case study that investigates correlations with
terrestrial ecological diversity. Our dataset and analyses provide valuable
insights for relevant stakeholders to direct future research and make
informed decisions at the global, national and subnational levels, addressing
societal, economic and environmental challenges caused by inequality.

Income has been widely used as an economic metric to measure a
nation’s wealth and standard of living’. For many years, particularly in
the second half of the twentieth century, utilitarian economic growth
andincreased national income were the primary focus of development
andinequality was seen as an acceptable trade-off necessary for poverty
reduction’. Anation could be highly unequal, characterized by abig gap
inwealth between the rich and the poor, while at the same time being
generally wealthy®. However, recent evidence suggests that inequality

poses athreat to long-term economic development®. It plays a vital role
inhow much economic growth alleviates (absolute) poverty since, in
a highly unequal society, only a tiny share of growth accrues to those
experiencing poverty>.

Beyond economic considerations, income inequality foresees the
level of social justice and stability of a country, as countries with less
income disparity have been shown to have a higher quality of govern-
ment, higher level of democracy, lower corruption and more laws and
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regulations promoting social justice and ensuring fair opportunities
for all*®, as was observed in the Nordic countries®. On the contrary,
highinequality is linked to lower quality of life, asa high gap inincome
often leads to poorer health outcomes’, lower life expectancy?®, lower
levels of education’, higher crime rates” and eventually lower level
of happiness and well-being'® because it restricts access to essential
resources and services for the poorer sections of society*. From an
environmental perspective, highincomeinequality is linked to various
environmental degradations, including increased carbon emissions"
and biodiversity loss™.

Those examples show that examining income inequality becomes
essential, and focusing solely on income to track a country’s perfor-
mance does not provide a complete picture. On that note, the United
Nations (UN) has prioritized the fight againstinequality in its sustain-
able developmentgoals (SDGs) (goal 10: reduce inequality within and
among countries), highlighting the need to ‘leave no one behind™.
Anorganizationsuch as the World Bank acknowledges itsimportance
and translates itintoanambitious goal to specifically promoteincome
growth for the poorest 40% of the population across countries, regard-
less of the country context’.

Despite the decreasing trend in inequality between countries,
albeit with some disagreements following the COVID-19 pandemic",
inequality within countries has increased in many regions''®. The
root causes of this trend and its effects vary across different settings®.
Subnational data over along period are, therefore, needed when ana-
lysing changes ininequality and the resultingimplications to provide
policy-relevant evidence. For example, the challenges and policy strate-
giestoincrease humanwelfare appear very different for a country with
highly concentrated poverty in specific areas compared with one where
itismore evenly spread geographically”. Nevertheless, such analyses
remain few, and no comprehensive subnational dataset exists glob-
ally, let alone over several decades. There are high-quality national
datasets'®?° and two subnational datasets’* for selected countries
(n=134 for ref. 21; n = 26 for ref. 17), but these cover only restricted
periods (varying from1999 to 2018, depending on the country, in the
case of ref. 21; 2010 for ref. 17).

Here we fill this gap by creating a global subnational Gini coef-
ficient (SubNGini) dataset—awidely used measure of inequality in the
literature'’—as well as a seamless subnational gross national income
(GNI) at purchasing power parity (PPP) per capita (SubNGNI) dataset.
Both have annual data for more than the last three decades (34 years;
1990-2023). We harmonized the subnational datasets against two
different reported national datasets, in which we filled the missing
years using interpolation and extrapolation (Methods).These datasets
together enable us to map the status of these two important develop-
mentindicators forany given year, assess the trend in each administra-
tion area and visualize their (co)evolution side by side. The data can
be visualized and explored with an online tool at https://wdrg.aalto.
fi/income-inequality-explorer/ and the data are available via Zenodo
at https://doi.org/10.5281/zen0d0.14056855 (ref. 22).

We further investigate the linkages betweeninequality and income
over time, explore plausible confounding factors of heterogeneities
in inequality trends and demonstrate how the data can be used in
socioecological studies. Our findings offer useful insightsinto trendsin
incomeinequality, providing valuable information to evaluate goal 10
ofthe SDGs and empower policy-makers to make informed decisions.
Furthermore, the SubNGini and SubNGNI datasets offer various pos-
sibilities for other researchers to use for global or regional spatiotem-
poral analysis, such as vulnerability and risk assessments.

Results

Dataset creation

For the SubNGini (income inequality dataset), we first produced two
gap-filled national datasets; one based on the standardized world
income inequality database (SWIID)" and the other based on the

world inequality database (WID)* data (Methods). In both datasets,
we identified countries that were missing in either one but exist in
the other (n =195 for SWIID and n =216 for WID). We then used neigh-
bouring countries that have data in both datasets to derive data for
a few countries with missing values in one dataset (Methods and
Extended Data Table 1). Then, we interpolated and extrapolated the
missing years. This resulted in complete datasets for both SWIID and
WID, covering the period from 1990 to 2023, for 207 countries.

We then collected the subnational (administration 1-level) Gini
coefficient from various sources, including income databases of har-
monized microdata Luxembourg income study database (LIS)** and
economic research forum database provided by LIS (ERF-LIS)** as
well as readily calculated Gini coefficient data from global data lab
(GDL)%, global subnational poverty atlas (GSAP)?, national censuses
and literature (Extended Data Figs. 1 and 2). Altogether, our dataset
includes Gini data for 2109 subnational areas (covering 151 countries,
where 94.2% of the global population lived in2023) and 16,241 distinct
entries (administration area-year combinations).

The subnational data originate from various sources and might
not be fully comparable. Therefore, instead of using the subnational
Gini coefficient values directly, we followed the approach that Kummu
etal.”® used for gross domestic product (GDP) per capita. We calculated
the ratio between subnational and national data, where the national
datawere from the same source as the subnational data. Using the ratio
allowed us to combine datasets from different sources without intro-
ducing potential inconsistency between them. We then interpolated
theratiobetweenreported years, while for the missing datain the head
andtail of thereported subnational dataset we used the ratio fromthe
closest reported year (assuming that the ratio between national and
subnational values remained unchanged, similarly to ref. 26 for GDP
per capita). At the end, we multiplied the ratios by the national dataset,
resulting in harmonized subnational data against two distinct global
datasets (SWIID and WID) (Methods). In the main text, we present the
resultsusing data from the SWIID national dataset, which includes error
estimates and thus it was possible to perform an uncertainty analysis
using only that dataset.

For the SUbNGNI (income per capita dataset), we first collected
national data from the UNDP* and the World Bank?, resultingina GNI
per capita PPP (in 2021 international $) dataset for 207 countries. For
the subnational data, we used an existing subnational database from
the GDL?. The dataset includes subnational data for 1,801 subnational
areas, as illustrated in Extended Data Fig. 3 (covering 166 countries,
where 98.3% of the global population lived in 2023) and comprises
a total of 55,293 distinct entries (administration area-year combina-
tions). We followed a procedure similar to that used for the SuUbNGini
datato obtainthe combinedinterpolated and extrapolated subnational
and national data (Methods).

Geographical distribution and trends of income inequality

In 1990, the lowest inequality was observed in Northern Europe,
Central Europe and some parts of Russia, with varying income lev-
els (Fig. 1a,b). In 2023, countries in Europe have among the highest
levels ofincome and the lowest levels of inequality, although the Gini
coefficients are higher than those 0of 1990 (Fig. 1c,d). Other areas with
high income were found in North America, Saudi Arabia, Australia,
Japanandinsome parts of Russia, where low and high inequality were
observed. For example, Saudi Arabia had a very highincome inboth
years, but the inequality was also very high. Meanwhile, the high-
est levels of inequality in 1990 and 2023 were found in Sub-Saharan
Africa and the tropical parts of Latin America. Worryingly, in Africa,
this was aggravated by a very low per capitaincome. The pattern is
very similar in the data based on the other national data (WID), par-
ticularly in Central Asia and Central America, where WID-based data
show relatively higher inequality, although some differences also
exist (Extended Data Fig. 4a-d).
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Fig. 1| Gini coefficient and GNI per capita for 1990 and 2023. a, Gini coefficient,
as calculated based on disposable income, for 1990. b, GNI per capita PPP for
1990. ¢, Gini coefficient, based on disposable income, for 2023. d, GNI per capita
PPPin 2021 constant US$ (log,, scale; for 2023). Colour bar in c also relates to
a,and colour barind also relates to b. Gini coefficient based on SWIID national

datais used here; see maps for the dataset based on WID national values in
Extended Data Fig. 4. See the uncertainty analysis results in Supplementary
Note and Supplementary Fig. 4. Basemaps from Natural Earth (https:/www.
naturalearthdata.com/).

The subnational-level datasets reveal the spatial heterogeneity in
inequality and income within countries, especially in large countries
such as the USA, Brazil, India and Russia, which would remain hidden
whenanalysing only country-level data (Extended Data Figs.5-7). The
highest within-country variability in the Gini coefficient (using the
year 2023 and measured with a coefficient of variation) can be found
in various countries in Sub-Saharan Africa, South America and Asia
(Extended Data Fig. 8a). Meanwhile, the highest variability in GNI per
capita can also be found in Sub-Saharan African countries; however,
values are also high in China, Russia, Turkey, Papua New Guinea and
certain parts of Eastern Europe (Extended Data Fig. 8b).

Whileincome has generally increased in many parts of the world,
the trend of inequality has shown more variation (Figs. 2 and 3). To
assess inmore detail how income and income inequality have changed
over the past 34 years, we classified the world according to the mag-
nitude of change in both indicators (Figs. 2a and 3). In the Americas,
the most favourable development occurredin Latin America (Figs. 2a
and 3c,i), where income inequality decreased (see Fig. 2 for statisti-
cal breaks). However, the inequality in the region was exceptionally
high in 1990 and has remained at a high level despite the improve-
ments (Fig. 1a). On the other hand, North America and other wealthy
countries, such as Australia, Norway, Germany and other European
countries, experienced increases ininequality (Figs. 2aand 3b,h,m).In
Europe, theincreasing inequality has been primarily driven by the sub-
stantialincome gains among the top 10% of earners, while theincome
share of the bottom 50% has either stagnated or declined®. Several fac-
torswere found toinfluence this, such astax systems that havebecome
less progressive in some European countries, thus reducing the tax
redistributive effects, as well as reductions in welfare programmes’*°.
China, onthe other hand, is quite distinct. Across the country, income
and income inequality increased or strongly increased (Figs. 2c and
3d). Theinequality inSub-Saharan Africa shows the most considerable
variation, withadecreasein Western Africaand anincrease in Eastern
and Southern Africa (Figs. 2a and 31).

The contrasting trends can also be observed within individual
countries. Indonesia, Spain, Egypt and Ethiopia are some of the

countries where both increasing and decreasing inequalities are
observed in different regions within each country. For example, the
eastern part of Indonesia, the northern part of Spain, the southern
part of Egypt and the southwestern part of Ethiopia experienced a
decreasing trend in inequality, while the rest of those countries saw
anincrease ininequality (Fig. 2a).

When comparing the subnational trends based on the SWIID
national dataset to those derived from the other national data (WID),
they mostly agree, particularly in South America, Sub-Saharan Africa
and Europe (Extended Data Fig. 4e,f). However, there are some dis-
tinct differences, as the direction of trend contradicts in large parts
of Mexico, India and France (in these countries, the national-level
correlation between these datasets is also very low or negative, as
shown in Supplementary Fig. 1)—this is probably due to the different
inputdatathey rely on.

The results generally highlight that the global positive develop-
ment in income between 1990 and 2023 (Fig. 2b) did not correspond
with asimilarly positive trend ininequality reduction (Fig. 2a).Infact,
our results show thatin 2023, around half (46% in SWIID base data and
59% in WID-based data) the people in the world lived in areas where
inequality had increased (measured with a statistically significant—
P < 0.1-positive slope using Siegel repeated medians) and more than
half (58%) in places where income had strongly increased. On the
other hand, only about one-third (31% in WID-based data and 36% in
SWIID-based data) of the population lived in areas where inequality had
decreased since1990 (Fig.2d). Asmuch as 23% of the global population
in 2023 lived in areas where both income and income inequality had
strongly increased since 1990.

The interplay of income and income inequality

To analyse the interplay betweeninequality and income, we classified
the world’s subnational regions into 16 combinations on the basis of
their GNI per capita and Gini, both for 1990 and 2023 (Fig. 4a,b). We
distinguished between regions with low (<US$1,045), lower-middle
(US$1,046-4,095), upper-middle (US$4,096-12,695) and high
(US$>12,695) income (based on 2021 classification by the World Bank™,
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Fig. 2| Combined change of income and income inequality. a, Change in
inequality between 1990 and 2023 using subnational data based on the SWIID
national dataset; trend for the dataset where the WID national dataset is the
base is shown in Extended Data Fig. 4. We used the quantiles to determine the
breakpoints, choosing the largest (absolute, as there were negative values)

of the 25th and 75th quantiles for the breakpoints on both the negative and
positive sides between strong decrease and strong increase, and 0 was used

as the breakpointin the middle. This resulted in the following classes: strong
decrease (trend < -0.07), decrease (—0.07 < trend < 0), increase (O < trend < 0.07)
and strongincrease (trend > 0.07). b, Change inincome between 1990 and
2023. Forincome (GNI), the classes were: strong decrease (trend < -10%),
decrease (-10% < trend < 0%), increase (0% < trend < 10%) and strong increase
(trend >10%). c. Combined change in inequality and income. Each binillustrates
asituation with a different combination of changes in inequality and income,
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for example, the bottom-right corner depicts a situation where income had
astrong decrease while inequality had a strong increase. The map is a spatial
representation of the heatmap. d, Relative population (percentage of global
population) in different combinations in 2023. Row and column-wise sums
represent the share of the global population living in each income (rows) and
inequality change group (columns). For example, in 2023, 58% of the global
population lived in areas where income had a strong increase between 1990 and
2023. The sum across rows exceeds 100% as a result of rounding up. Slopes were
calculated with Siegel repeated medians (mblm R package) and only statistically
significant slopes (P < 0.1) are reported. The associated P value tests the null
hypothesis of azeroslope using a two-sided hypothesis test without adjustments
for multiple comparisons. See the uncertainty analysis results in Supplementary
Note and Supplementary Fig. 4. Basemaps in a-c from Natural Earth
(https://www.naturalearthdata.com/).

asour data are based on 2021 international $, a hypothetical currency
that has the same purchasing power parity as the US$) as well as those
withrelative equality (Gini of 0-0.3), adequate equality/reasonable
incomegap (0.3-0.4), bigincome gaps (0.4-0.5) and severe inequality
(0.5-1), based on UN classification®.

The results illustrate that many areas in Latin America, which
experienced severe inequality combined with relatively highincomes
in 1990, managed to move towards less inequality by 2023 (Fig. 4). At
the sametime, theincome level remained the samein the high-income
regions of the world while the degree of inequality worsened. The
global hotspotsin1990 and 2023 for both low income and high inequal-
ity were mostly located in the central parts of Sub-Saharan Africa.

Interestingly, in 1990, the largest shares of the global popula-
tion (20%) lived in areas with relatively low income (low-middle) but
adequate levels of equality (Fig. 4c). By 2023, the demographics had
changed so that the largest share of the global population (33%) lived
in places with high income and adequate levels of equality (Fig. 4c), a
drasticincrease from1990 when only 9% lived within this class and thus
indicating atotal 24%-pointincreasein peopleinthese regions (Fig. 4c).
Thisis explained by both unequal population growth rates worldwide
and the changing conditions regardingincome and income inequality.

However, in general, more people tend to live in areas with a large
income gap, while fewer live in areas with relative equality (Fig. 4c),
indicating a trend towards a more unequal society.

Theinterplay ofincome equality and ecological diversity

Toillustrate the value of the SubNGini and SubNGNI datasets to soci-
oecological studies, we consider the relationships among progress
towards SDG 8 ‘Decent work and economic growth’, SDG 10 ‘Reduced
inequalities’and SDG 15 Life onland’. To date, global analyses of interac-
tions betweenincome, income inequality and environmental changes
have been conducted mostly on the national level'. Here we show how
our data can be used within the socioecological sphere by perform-
ing a subnational analysis to explore trends in income and income
inequality and comparing them with trends in terrestrial ecological
diversity” over the past three decades (Methods). There are several
links between income, income inequality and ecological diversity.
First, higherincomeinequality may be correlated with increased natu-
ral resource exploitation, which in turn reduces the natural habitats
for biodiversity'. Higher income inequality was also found to push
the poorer part of society to occupy vulnerable lands, such as areas
close to forests'. Lastly, rich populations in high-income countries
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Thick lines are population-weighted regional average and thin lines are
subnational time series (when available, otherwise national). The subnational
Gini coefficient data based on the SWIID national data are used here. Note that
0.2indicates relative equality and 0.8 indicates severe inequality. Basemapina
from Natural Earth (https://www.naturalearthdata.com/).

may drive global demand for products (such as palm oil, soy, beef and
timber) that often contribute to habitat loss and biodiversity decline
inlow-income countries®.

We found that a few bright spots exist where all three indicators
aremovinginapositive direction (higherincome, higher equality and
higher ecological diversity) (Fig. 5a). However, the level of progress
is not expected to meet global aims by 2030, such as the SDGs. The
considerable concentrations of bright spots are located in Russia,
areas in Eastern Europe, Malaysia and Iran, as well as in some areas
of Western Europe, South America and New Zealand. The countries
with alladministration areas in the bright spot category were Austria,
Jamaica and Moldova, while there are a handful of countries where
over 50% of the administration areas belong to this category (Fig. 5a).
Dark spots (negative trends in all indicators), in turn, are common in
the African continent, particularly in central Africa, Libya, parts of

South Africa, Namibia and Madagascar. Outside Africa, dark spots are
also observed in Chiapas, Mexico (Fig. 5a).

Most areas have mixed trends in these three indicators. Europe,
the USA and China are dominated by the combination of increased eco-
logical diversity and income but decreasing equality (higher Gini coef-
ficient) (Fig. 5a). However, elsewhere, the dominant classes are either
decreasing ecological diversity and equality with increased income
(dominating in Canada, Australia, India and large parts of Africa; n of
administration areas is 615) or decreasing ecological diversity and ris-
ingincome and equality (dominating Latin America, Central Asiaand
Northwestern Africa; n = 695).

In general, the distribution of the average values of these three
indicators (Fig. 5b) shows that bright spots appear in areas where
low ecological diversity (compared with the natural stage; ref. 33) is
combined with high income and relatively high equality (a low Gini
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Fig. 4| Combined groups ofincome and income inequality. a,b, Global

classification ofincome and inequality in 1990 (a) and 2023 (b) using the 2021

World Bankincome groups (high income >US$12,695; upper-middle (mid)

income US$4,096-12,695; lower-middle income US$1,045-4,095; low income

<US$1,045) and the Gini coefficient range by UN* (relative equality (0-0.3);

adequate equality/reasonable income gap (0.3-0.4); big income gap (0.4-0.5)

and severe inequality (0.5-1)). ¢, Relative population, presented as percentage
of the global population, in each inequality-income group in1990 and 2023.

d, The change in population between 1990 and 2023 in %-units. The subnational
Gini coefficient data based on SWIID national data are used here. Basemapsina
and b from Natural Earth (https://www.naturalearthdata.com/).
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calculated with Siegel repeated medians (mblm R package) and only statistically
significant slopes (P < 0.1) are reported. The subnational Gini coefficient data
based on SWIID national data are used here. IQR, interquartile range. Basemap in
afromNatural Earth (https:/www.naturalearthdata.com/).

coefficient). For areas with increased ecological diversity and income
but decreased equality, income and equality are the highest among
all classes. For areas with a negative trend in ecological diversity, the
income is lower and the equality has smaller differences with similar
direction (compared with areas with a positive trend in ecological
diversity) (Fig. 5b). The dark spots have the lowest income and equality
and high (but decreasing) diversity. Asarough conclusion, high-income
and high-equality countries have exploited their natural resources but

are slowly restoring them, whereas low-income countries have done
the opposite.

Discussion

Previously, global analyses of income inequality have relied primarily
onnational-level Gini coefficients, often limited by short time seriesand
sparse coverage. While such data have enabled broad assessments of
inequality across countries and facilitated international comparisons,
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they have not captured inequalities at a finer spatial and temporal
resolution. As our analysis demonstrates, these subnational variations
canbesubstantial: trends inincome inequality at the subnational level
frequently diverge from national averages, sometimes even movingin
opposite directions (Extended Data Figs. 5-7).

To address this gap, we developed aglobally harmonized dataset
of subnational Gini coefficients (SubNGini) and gross nationalincome
per capita (SUbNGNI), covering more thanthree decades of annual data.
These datasets provide an unprecedented level of spatial and temporal
resolution forincome inequality and economic well-being. They enable
us not only to assess the overall trajectory of inequality but also to iden-
tify where and for whom it hasincreased or declined, offering valuable
information for policy-making, as well as tracking progress towards
SDG 10. Despite global economic growth during the study period, our
results indicate that subnational income inequality has increased for
half the world’s population, with notable geographic variation.

Various policies have been proposed globally to reduce inequal-
ity and promote inclusive and balanced economic growth, includ-
ing, for example, progressive taxation, expanded social protection
and improved access to quality healthcare, education and basic ser-
vices, which can be important tools to address inequality”**°. While
a complete evaluation of their effectiveness is beyond the scope of
this study, we highlight selected policy measures and developments
that may help explain some of the patterns and trends observedin our
subnational data.

The role of historical developments and policies
Many countries, especially low- and middle-income countries, have
experienced growing national and subnational inequality over the past
few decades, primarily due to unequal income growth, as well as popula-
tion dynamics and movements®’. Generally, policies aimed at reducing
inequality have targeted two main areas: (1) increasingincomes among
the poorest population groups through, among others, social welfare
and protection programmes, cash transfers, minimum wage laws and
educational investments; and (2) redistributing wealth from top to
bottom via progressive taxation and subsidies. Below, we examine
illustrative cases of countries that have followed different trajectories
intheirincome and inequality trends, as well as their policy strategies.
China represents a notable case of sustained economic growth
and large-scale poverty reduction since the 1990s, driven by
market-oriented reforms and an open-door policy. In 1990, almost
72% of the population lived below the World Bank’s poverty line of
international $2.15 per day; by 2023, this share had dropped to just
0.1% (ref. 35). Income increases were observed across all subnational
regions (Fig. 2b), with coastal and urbanized areas experiencing the
most rapid gains. At the same time, these regions also experienced
risinglocalinequalities (Extended DataFig. 7), which can be attributed
to China’s household registration system, the Hukouand rural-urban
migration®. Hukou is a registration mechanism that classifies Chinese
citizens as either urban or rural residents, tying their access to public
services, such as education, healthcare, housing and social security,
to their registered locality. When people from rural China migrate
to cities, especially towards the economically advanced east, they
often cannot access urban publicservices because they donot hold an
urban Hukou. This has intensified subnational disparities—both within
cities, where rural migrants often face structural disadvantages and
between regions, as urban hubs continue to concentrate economic
opportunities®*”. Inresponse to these trends, the Chinese government
hasimplemented regional development programmes aimed at reduc-
ing disparities between provinces and bridging rural-urban income
gaps’®. Additional measures include supporting internal migrants,
relaxing Hukou restrictions, expanding education, strengthening
social protection systems, reforming personal income taxation and
fiscal redistribution that provides transfers from richer to poorer
regions toimprove public services and infrastructure®,

India is another compelling example that illustrates the value
of subnational analysis. While national-level data suggest relative
stability in inequality over time (Extended Data Figs. 5-7), disaggre-
gated patterns reveal significant regional divergence. In particular,
northernIndia has experienced stagnantinequality, whereas southern
states have made more inclusive progress®. This relative success in the
south, which has long been a stronghold of the Indian left, is linked
to sustained investments in public health, education, infrastructure
and economic development that have benefited the local population
more broadly*’. These differences highlight the importance of mov-
ing beyond national averages to uncover the underlying dynamics of
inequality and identify the drivers of inclusive growth (Extended Data
Figs.5and 6).

Brazil, another emerging economy, exemplifies common patterns
of inequality observed across Latin America, where many countries
have experienced rapid economic development in recent decades.
Unlike China, Brazil has seen a decrease inincome inequality, although
fromahighinitial level. Historically, Brazil’s high inequality stemmed
from a large wealth gap as well as the segregation and discrimination
of disadvantaged population groups". Between1990 and 2023, Brazil’s
Gini coefficient declined from 0.57 to 0.45, showing notable progress.
Therecentreductionininequality across Brazilian regionsis attributed
to several factors. One of the most influential initiatives in reducing
poverty has been Bolsa Familia, a conditional cash transfer (CCT) pro-
gramme that provides financial assistance to low-income families.
Recognized asthelargest CCT programmein the world, Bolsa Familia
aims to reduce short- and long-term poverty by requiring families to
meet health and education conditions to receive support****. Beyond
poverty reduction, the programme hasled toimprovementsin school
attendance, reduced dropout rates*’, enhanced food security and
diet quality*® and decreased crime and suicide rates***. Similar pro-
grammes have taken place in Mexico and Chile*¢, with similar effects
onincomeinequality. Theincrease in the minimum wage in Brazil has
also played a important role in reducing income inequality, particu-
larly by raising the incomes of the lowest-paid workers and those in
the informal sector”’. However, despite improvements inincome and
inequality, there are still differences at the subnational level. Similar
to coastal areas in China, Brazil’s southern and coastal regions are
more developed and offer greater economic opportunities than the
northern parts and rural Amazonas*®, as reflected in the higher GNIin
these areas (Fig.1).

Germany, like many other high-income countries in Europe (such
as France, Spain and parts of the Nordic countries), illustrates a context
in which income inequality has increased despite relatively modest
growthinaverageincomes (Fig. 2). Particularly after the reunification
of Eastand West Germany in 1990, bothinterregional and intraregional
disparities widened*’. The economic transformation of the eastern
states initially led to substantial investment and modernization, but
structural differences in productivity, employment opportunities and
infrastructure have persisted. Over time, capital accumulation, rising
real estate and asset prices and the transmission of wealth through
inheritance have contributed to agrowing concentration ofincome and
wealth at the top**. Meanwhile, many low-income households have
experienced stagnating or even declining real wages, compounded by
labour market flexibilization and the expansion of precarious forms of
employment®. The German government has sought to mitigate these
trends through interstate fiscal transfers, minimum wage legislation
and sustained investments in public education and vocational train-
ing. Yet these efforts have so far been insufficient to reverse broader
inequality trends in the country.

Finally, some regions in our dataset exhibit conditions of high
inequality and low income levels (Fig. 4). This is particularly evident
in conflict-affected areas, such as parts of Niger, Sudan, South Sudan
and the Central African Republic. Sociopolitical tensions not only harm
economic growth but canalso exacerbate inequalities, especially when

Nature Sustainability


http://www.nature.com/natsustain

Resource

https://doi.org/10.1038/s41893-025-01689-4

conflicts disproportionately affect specific regions or population
groups’". Conflicts canalsolead to migration, withimplications for both
subnational income and inequalities®. High levels of inequality can
alsobeadriver of conflict, potentially creating a vicious cycle’. Beyond
restoring peace, governments and the international community have
advocated for policies aimed at promotinginclusive economic growth,
reducing discrimination and strengthening social cohesion.

The economic growth-urbanization-inequality nexus
Urbanization plays avital role inexplaining some of the income growth
and inequality trends observed across countries and regions in our
dataset. Development and planning policies often favour more met-
ropolitan areas and urban populations, leading to higher income
growth in these areas®. As aresult, this drives rural-to-urban migra-
tionasindividuals seek better economic opportunities and improved
living standards’.

However, rapid urban growth frequently outpaces planning and
service provision. In many low- and middle-income countries with
high population growth, such as those in Africaor South Asia, this has
resulted in the expansion of informal settlements, where low-skilled
migrants face limited access toinfrastructure, social services and for-
mal employment opportunities®. These dynamics not only reinforce
sociospatial segregation but also contribute to rising intra-urban
inequality. In densely populated urban centres, the coexistence of
extreme wealth and poverty increases overall inequality levels, atrend
visible in many countries included in our dataset.

At the same time, urbanization can also contribute to reducing
inequality, particularly in the national context. In some of the least
developed countries, urbanization has been associated with rural-
urban income convergence, facilitated by processes such as agricul-
tural transformation, remittance flows from urban to rural areas and
the return migration of skilled individuals®*. These mechanisms can
strengthen rural livelihoods and narrow income disparities.

Notably, theinequality-reducing potential of urbanization appears
more pronounced in small and medium-sized cities, where urban
expansion is often more manageable and inclusive®. For instance, sev-
eral Latin American countries have experienced declining subnational
inequalities (Fig. 2) alongside the growth of secondary cities. Similar
patterns areevidentin North Africaand Western Asia. Nevertheless, in
many of these regions, inequality was exceptionally high in the1990s
and recentimprovements represent areturn to more moderate levels
rather than acomplete reversal of structural disparities.

Looking ahead, the fastest rates of urbanization are projected in
regions currently characterized by high levels of inequality, particu-
larly in Sub-Saharan Africa®. This highlights the critical importance
of urban planningand governance. Our findings underscore the need
for further research on how well-managed urbanization can promote
equitable development, reduce rural-urban disparities and mitigate
subnationalincome inequality.

Limitations and way forward

While our dataset provides insights into income levels and inequality
trends at the subnational scale, it faces several limitations that are
important forinterpreting the results. First, the dataare derived froma
combination of publicly available sources, which vary in quality, cover-
age and methodology across countries and over time. This introduces
potential measurementissues and inconsistencies that may affect the
comparability of our estimates. Second, the definition and boundaries
of the subnational units considered differ across countries, which like-
wise complicates direct cross-country comparisons. The spatial scale of
analysisinherently shapesinequality measurements: atoo-fine spatial
disaggregation can obscure inequalities that exist within countries,
while atoo-broad spatial aggregation may overlook local heterogene-
ity>®. Finally, although we highlight associations between observed
trends and potential policy drivers, our study remains descriptive.

Causal inferences about the effectiveness of specific interventions
cannot be drawn without more detailed, context-specific analysis and
stronger identification strategies, which are outside our scope.
Giventhe well-documented adverse effects of inequality on social
cohesion, political stability and individual well-being, narrowing
income gaps—both between and within subnational regions—remains
akey priority for sustainable development. Our analysis highlights the
importance of considering context-sensitive and inclusive approaches.
At the local level, tailored solutions (for example, access to basic ser-
vices) should be implemented on the basis of the unique needs of each
community locality. The national government should redistribute
resources to poorer areas and ensure equality across regions. Mean-
while, the international community can support national and local
efforts through funding, expertise, policy advice and cross-border
cooperation. Our high-resolution longitudinal dataset can support
moretargeted research and policy experimentation, helping toidentify
strategies that foster more equitable growth and enhance inclusivity.

Methods

National data for subnational Gini coefficient

We first collected national (administration O level) Gini coefficient
data from two sources: SWIID' and WID'®, These both provide better
coverage than the national-level dataset compiled by the World Bank.
SWIID has data for 195 administration O areas, WID for 216 areas and
the World Bank for 168 areas.

We compared the SWIID and WID national datasets by selecting
countries with atleast ten overlapping observations. A direct compari-
sonwas not possible, as the methods used to generate these products
differ: the SWIID produces comparable Gini coefficients by statistically
adjusting existing data across various sources. The WID, however,
constructs its Gini coefficients by integrating diverse data, with tax
records serving as a key source for robust estimation of top incomes.
Thus, for each country, we first normalized the Gini time series by divid-
ing each entry by the national average over time. Then, we computed
the correlation and root mean square error. While for most countries
the correlation was high, there were some distinct differences as well
(Supplementary Fig.1). Therefore, we decided to compile two distinct
datasets, one based on SWIID national data and the other based on
WID national data.

For those countries for which SWIID data were not available but
there were data in WID (n = 6; Extended Data Table 1), WID data were
used. Similarly, for countries where there were data in SWIID but not
WID (n = 3; Extended Data Table 1), SWIID data were used. For both
SWIID and WID, data from GDL* for Western Sahara were used. Owing
to the differences between the national datasets, we did not directly
adaptthe datafromthe other dataset. Instead, we used datafrom neigh-
bouring countries that have data for both SWIID and WID (or GDL) to
scale the values from the dataset. Specifically, we used the time-series
trend for the country in question from the dataset that had data for
this country. We then scaled that trend using a neighbouring country
that had asimilar level and trend of Gini coefficient and for which data
were available in both the SWIID and WID datasets. Further, we used
datafrommainland France toits overseas departments (Guadeloupe,
Martinique, French Guiana, Réunion and Mayotte) in both datasets, for
which data did not exist at the administration O level. This resulted in
anational dataset containing data for 207 countries.

The gaps for missing years in national data were filled via linear
interpolation and extrapolation methods developed by Chrisendo
etal.” and Kummuetal.?. Shortly, this extrapolation method addresses
missing datain country-level time series by first categorizing countries
based ondatacompleteness. For countries with nearly complete data,
missing values were estimated by creating linear models with full-data
countries, selecting the best-fitting and geographically closest coun-
terpart and then scaling the modelled time series on the basis of the
ratios of the first and last reported values of the target country to the
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modelled values. This expanded dataset (complete and nearly com-
plete) then served as the basis for extrapolating data for countries
with more limited data, using the same linear modelling and scaling
approach. Finally, countries with very few data points were filled by
scaling the time series of their geographically closest counterpart
from the combined complete and nearly complete dataset, again using
ratios derived from their limited available data points. To capture
the potential uncertainty due to the extrapolation, we conducted a
comprehensive uncertainty analysis for it (Supplementary Note and
Supplementary Fig. 2).

Subnational data for subnational Gini coefficient

Inthe next step, we collected subnational (administration 1level, that
is, provincial) data from harmonized microdata LIS** and ERF-LIS*
as well as readily calculated Gini coefficient data from GDL*, GSAP?,
national censuses and other literature. Altogether, our dataset
includes Ginidatafor 2,109 subnational areas (covering 151 countries,
where 94.2% of the global population lived in 2023) and altogether
16,241 distinct entries (administration area-year combinations).
The origin and temporal extent of the subnational data are shown
in Extended Data Fig. 2 and detailed information on the sources for
each country is given in Supplementary Table. The areas with only a
few years of subnational data (Extended Data Fig. 2b) combined witha
shortrange of dataavailability (Extended Data Fig. 2¢c), such as various
countriesin Central Asiaand Eastern Africa, should be considered with
caution. This is also shown in the uncertainty analysis we conducted
on the SWIID dataset (being the only dataset with error estimates)
(Supplementary Fig. 4).

As the subnational data originate from different sources, we did
not use the values directly. To ensure the comparability between the
sources, we calculated the ratio between the subnational-level value
and the national-level value, both from the same data source, follow-
ing the approach by Kummu et al.?®. To get the national values from LIS
and ERF-LIS, we used their databases to calculate the Gini coefficient
for both subnational (administration 1level) and national (administra-
tion O level) levels. For data from GDL and national censuses, we used
the reported Gini coefficient for these two administration levels. For
countrieswhere national datawere not available from the same source
as subnational data, we calculated the population-weighted mean
national Gini coefficient.

To give an example: if Gini coefficients for subnational areas for
agiven year were 0.45, 0.37 and 0.42 and the national value was 0.41
(based onthe same source), the ratios for subnational areas were 1.098
(0.45/0.41),0.902 and 1.024. We then used this to multiply, for example,
the SWIID national value. Let us assume that the SWIID national value
would have been 0.35 for that year and thus the final subnational values
for SWIID were:

subnationalareal:1.098 x 0.35=0.3843
subnational area2:0.902 x 0.35=0.3157
subnational area3:1.024 x 0.35=0.3584

And assume that the WID would have had a national Gini coeffi-
cient of 0.48 for that countryin question, then the subnational values
would have been:

subnational areal:1.098 x 0.48 = 0.5270
subnationalarea2:0.902 x 0.48 = 0.4330
subnational area3:1.024 x 0.48 = 0.4915

Therefore, the subnational values in the final dataset are harmo-
nized with the national datain question.

Finally, to fill the gaps between reported values, we used inter-
polation. For the missing values at either the beginning or end of
the study period, we used the latest reported Gini ratio value, that

is, we assumed that the ratio between national and subnational val-
ues remained unchanged in the years before the first subnational
value and after the last subnational value (similarly to ref. 26 for GDP
per capita).

We then used the reported national data to get the final value for
subnational areas by multiplying the subnational Gini ratio by the
reported national value. We used the subnational ratio to minimize
the impact of different procedures when estimating the Gini coef-
ficient in various datasets. It ensured that the subnational data were
aligned with the national values. The overall workflow isillustrated in
Extended DataFig. 1.

Data for subnational GNI per capita PPP

The subnationalincome data are based on tabulated subnational GNI
per capita PPP data from refs. 26,28. Their data were used to create a
gridded and gap-filled subnational GNI per capita dataset for each year
from 1990 to 2023, at 5-arcmin resolution. We used a similar method
to fillin missing years and rasterize the data as Kummu et al.** used in
their gridded GDP per capita PPP data. Thisis shortly described below.

Wefirst collected national-level (administration 0) GNI per capita
at PPP data from the UNDP Human Development Index database”
(in 2021 international $) and the World Bank Development Index
database® (in 2021 international §), preferring the UNDP data. For
years with missing data, we filled the gaps using linear interpola-
tion and an extrapolation method developed by Kummu et al.?® and
Chrisendo et al.”’”. Subnational-level (administration 1) data were
obtained fromref. 28, where detailed information on the origin and
extent of the reported data is also provided. The temporal extent
of the subnational data is illustrated in Extended Data Fig. 3, which
shows that the temporal coverage for subnational GNI per capita data
is generally very good.

To reconcile the national and provincial data, we calculated the
ratio between the administration 1-level GNI and the administra-
tion O-level GNI per capita (the latter being estimated from the sub-
national values weighted by population data). This allowed us to derive
a subnational GNI ratio by dividing the administration 1-level GNI by
the calculated national GNI (see the previous section on ‘Subnational
Gini coefficient’).

We then interpolated these subnational GNI ratios using linear
interpolation to fill gaps between years with reported values. For the
leading and trailing missing values, we used the latest available subna-
tional GNIratio. These interpolated and extrapolated subnational GNI
ratios were multiplied by the reported national-level data to estimate
the subnational GNI per capita (PPP).

Classifying groups of income inequality and income
We classified the world into 16 groups based on the level of GNI and
Giniin 1990 and 2023. We used the World Bank’s grouping, based on
2021thresholds (as the GNIis given in 2021 constant international $):
high income >US$12,695; upper-middle income US$4,096-12,695;
lower-middle income US$1,045-4,095; and low income <US$1,045.
For the Gini coefficient, we used the range by the UN*?, whichiis consist-
ent across different countries and regions: relative equality (0-0.3);
adequate equality/reasonable income gap (0.3-0.4); big income gap
(0.4-0.5); and severe inequality (0.5-1). After classification, it was pos-
sible to calculate the number of people (we used the GHS population
data®®) livingin each group.

Wealso classified the world into 16 groups based on the magnitude
of change in GNI (percentual change) and Gini (slope) between 1990
and 2023. For Gini, we used the slope over the study period calculated
with Siegel repeated medians (mblm R package) and only statistically
significant slopes (P < 0.1) were considered. In the slope, a positive
value indicates increasing inequality and a negative value indicates
improvement, that is, a decrease in inequality. For both GNI and Gini,
we used the quantilesto determine the breakpoints so that the largest
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(absolutely, as there were negative values) of the 25th and 75th quan-
tileswere chosen for the breakpointinboth negative and positive sides
between strong decrease (increase) and O was used as the breakpoint
inthe middle. This resulted in the following grouping:

Gini: strong decrease, change <-0.07; decrease, —-0.07 <
change < Q;increase, O < change < 0.07; strong increase, change > 0.07.

GNI: strong decrease, change < -10%; decrease, —-10% < change
<0%; increase, 0% < change <10%; strong increase, change > 10%.

Variation of Gini and GNI within countries

To estimate the variationin subnational Giniand GNI per capitavalues
within each country, we used the coefficient of variation calculated
fromthe subnational values of each country for which data were avail-
able. We calculated this for the year 2023 (Extended Data Fig. 8).

The interplay ofincome equality and ecological diversity

Here we combined the trends from1990t0 2023 of three indicators to
explore whether reducinginequality, increasingincome and protecting
the environment are mutually exclusive. We used the trends forincome
and equality (1 - Gini coefficient), as introduced above. In the case of
income trend, we aggregated the trend to Gini administration 1areas
using the population-weighted mean.

For ecological diversity, we used data from ref. 33, which repre-
sent changes in average local terrestrial diversity (including animal,
plant and fungal species) caused by land use relative to the natural
stage (Extended DataFig.9). The data are acombination of modelling
and observations. The decadal values (1990-2030; post-2020 are
estimates) were first linearly interpolated within each 0.25° grid cell.
We then aggregated annual data to Gini administration 1areas using
area-weighted mean.

To classify each administration 1 area, we used binary values for
each indicator. Areas with statistically significant (P < 0.1) positive
trends, calculated using Siegel repeated medians (mblm R package),
were classified as positive trends, while areas with no significant trend
(P>0.1) orasignificant negative trend (P < 0.1) were classified as having
anegative trend. We combined the neutral and negative trends to limit
the number of combinations of three indicators from 27 to 8. We then
mapped these eight different trend combinations (Fig. 5a).

Finally, we calculated the mean of each indicator for each adminis-
tration lunitand plotted the distribution of these for each of the eight
trend combination classes (Fig. 5b).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All the data used in this study are publicly available or are available
open access via Zenodo at https://doi.org/10.5281/zenodo.14056855
(ref.22). Theseinclude the following datasets: national and subnational
Gini coefficient for 1990-2023 (gridded with 5-arcmin resolution, a
polygon gpkg file and tabulated csv file); national and subnational
GNI per capita PPP for 1990-2023 (gridded with 5-arcmin resolution,
apolygon gpkg file and a tabulated csv file); input data (raw reported
dataandsoon) for both (Gini coefficient and GNI per capita) datasets.
Data are visualized in an online tool at https://wdrg.aalto.fi/income-
inequality-explorer/. The data underlying the web application are
availablein the repository with all other data.

Code availability

The analysis was performed using RStudio (R v.4.3.2). The code is
available at the following repositories: subnational Gini coefficient
data, https://github.com/mattikummu/subnatGini; subnational GNI
per capita data, https://github.com/mattikummu/subnatGNI; and
analyses of this paper, github.com/mattikummuy/gini_gni_analyses.
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Extended Data Fig. 1| Schematic outline of the Gini coefficient dataset creation. Data sources and workflow for creating subnational and national Gini

coefficient datasets.
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subnational Gini coefficient database. a. source of each subnational data (see administrative area, and d. meaninterval of reported years (that s, if there
Supplementary data table for more details), b. number of years of reported were data for 2000, 2005, and 2010, then the mean interval would be 5 years).
subnational datain each country, c. range of reported years (thatis, if there Basemaps from GADM (https://www.gadm.org/).
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subnational datain each country, b. range of reported years (that s, if there Basemaps from GADM (https:/www.gadm.org/).

were data for 2000, 2005, and 2010, then the range would be 11 years) for each
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Extended DataFig. 4 | Comparison of two datasets based on different (mblm R package), and only statistically significant slopes (p < 0.1) are reported.
national level data. The subnational data based on SWIID national data are The associated p-value tests the null hypothesis of a zeroslope using a two-sided
presented in the left column: a) showing status in 1990; ¢) showing status hypothesis test without adjustments for multiple comparisons. Note: Different
in2023; and e) trend. The subnational data based on WID national data are scales for SWIID and WID Gini coefficients. Basemaps from Natural Earth
presented in the right column: b) showing status in1990; d) showing status in (https://www.naturalearthdata.com/).

2023; and f) trend. Slopes were calculated with Siegel repeated medians
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Extended Data Fig. 5| Gini coefficient for national and subnational levels

for the years 1990 and 2023, as well as the trend on both scales. The national
databased on SWIID are presented in the left column: a) showing status in1990;
c) showing statusin 2023; and e) trend. The subnational data based on SWIID
national data are presented in the right column: b) showing status in1990;

d) showing status in 2023; and f) trend. We used the Gini coefficient based on

E———— ]
0.00 20.12
inequality increases

No significant
trend (p > 0.1)

disposableincome. Slopes were calculated with Siegel repeated medians
(mblm R package), and only statistically significant slopes (p < 0.1) are reported.
The associated p-value tests the null hypothesis of a zeroslope using a two-sided
hypothesis test without adjustments for multiple comparisons. Note: The Gini
coefficient based on SWIID national data is used here. Basemaps from Natural
Earth (https://www.naturalearthdata.com/).
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Extended Data Fig. 6 | Gini coefficient for national and subnational levels for India. We used the Gini coefficient based on disposable income. Note: The Gini
2023 for selected geographical locations. a. admin O level for Brazil, b. admin coefficient based on SWIID national data is used here. Basemaps from Natural
1level for Brazil, c.admin O level for Central Europe, d. admin 1level for Central Earth (https://www.naturalearthdata.com/).

Europe, e.admin O level for China and India, and f. admin 1level for China and
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Extended Data Fig. 7| Trend of Gini coefficient for national and subnational only statistically significant slopes (p < 0.1) are reported. The associated p-value
levels (1990-2023) for selected geographical locations. a. admin O level for tests the null hypothesis of a zeroslope using a two-sided hypothesis test without
Brazil, b.admin1level for Brazil, c.admin O level for Central Europe, d. admin 1 adjustments for multiple comparisons. Note: The Gini coefficient based on
level for Central Europe, e.admin O level for China and India, and f.admin 1level SWIID national datais used here. Basemaps from Natural Earth (https://www.
for China and India. We used the Gini coefficient based on disposable income. naturalearthdata.com/).

Slopes were calculated with Siegel repeated medians (mblm R package), and
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Low High No subnational
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Extended Data Fig. 8 | Coefficient of variation (CV) within each country for data. Therange of values (2.5th - 97.5th percentile) is given in the title of each tile.
the Gini coefficient and gross national income (GNI) per capita. a. CV for Gini Note: The subnational Gini coefficient data based on SWIID national data are used
coefficient,and b. CV for GNI per capita. Values are calculated from the 2023 here. Basemaps from Natural Earth (https://www.naturalearthdata.com/).
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Extended DataFig. 9| Ecological diversity. a. Mean of ecological diversity The associated p-value tests the null hypothesis of a zeroslope using a two-sided
compared to the natural stage over 1990-2023, and b. Change in ecological hypothesis test without adjustments for multiple comparisons. Basemaps from
diversity over 1990-2023. Change was calculated with Siegel repeated medians Natural Earth (https://www.naturalearthdata.com/).

(mblm R package), and only statistically significant slopes (p < 0.1) are reported.
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Extended Data Table 1| Countries without data in the national datasets, along with their neighbouring countries used to

estimate the data

Countries Neighbouring
without data countries
SWIID Brunei Malaysia
(filled from WID) Cuba Haiti
Eritrea Djibouti
Macao Hong Kong
Monaco France
North Korea Korea (Republic of)
SWIID Western Sahara ~ Morocco
(filled from GDL)
WID Cote d'lIvoire Mali
(filled from SWIID) Namibia South Africa
Kosovo Serbia
WID Western Sahara ~ Morocco

(filled from GDL)
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github.com/mattikummu/gini_gni_analyses

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The data used in this study are openly available on Github: https://github.com/mattikummu/subnatGini (subnational GINI coefficient data) and https://github.com/
mattikummu/subnatGNI (subnational GNI per capita data)
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Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender We did not have human research participants

Reporting on race, ethnicity, or = We did not have human research participants
other socially relevant

groupings

Population characteristics We did not have human research participants
Recruitment We did not have human research participants
Ethics oversight We did not have human research participants

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description In this study, we produced income and income inequality data at subnational level and provided relevant analyses. The study is using
mixed-methods (quantitative and qualitative).

Research sample We do not have research sample, instead we use all available data. When necessary, we created data points by using intrapolation
and extrapolation methods.

Sampling strategy We did not do sampling, instead we use all available data.

Data collection We collected the data from various sources, such as the Standardised World Income Inequality Database, the World Inequality
Database, the Global Data Lab, the Luxembourg Income Study Database, the Economic Research Forum, the Global Subnational
Poverty Atlas, Smits & Permanyer (2019), UNDP, World Bank, Purvis and Hills (2022), national censuses, and other literature. The
data were acquired in a digital form.

Timing We collected historical GNI and GINI data at national and subnational levels from 1990-2021.
Data exclusions We did not exclude any data

Non-participation Not applicable

Randomization Not applicable

Reporting for specific materials, systems and methods




We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies [] chip-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging
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