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Abstract
Limited and missing socioeconomic data have made it nearly impossible to measure or estimate inequality consistently at fine 
spatiotemporal and jurisdictional scales, especially for lower- and middle-income countries. We deploy a novel data harmonization 
method that combines existing household survey data with freely available remotely sensed data and machine learning techniques to 
generate fine-scale socioeconomic inequality estimates across spatial and temporal scales for India. Our manuscript makes three 
important contributions. First, it identifies key remote sensing datasets that, in combination with nighttime luminosity, improve its 
predictive power to estimate measures of socioeconomic inequality. Second, it offers an analytical approach that reliably estimates 
the uneven distribution of socioeconomic conditions by harmonizing household assets and sociodemographic information that 
remotely sensed data at the village or similar geographic levels represent—the results achieve >84% prediction accuracy. Finally, it 
leverages a spatially cross-validated machine learning model with training and test datasets from two successive Demographic and 
Health Surveys to demonstrate how data gaps in socioeconomic inequality at subnational levels can be addressed. Our replicable 
approach has the potential to improve global inequality data, thereby supporting research and applications aiming to reduce 
socioeconomic inequality in the context of the Sustainable Development Goals.
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Main
Nationally representative household surveys provide the 
most common foundation for measuring inequality, but they 
are expensive and time-consuming if used conducted regular
ly, frequently, and for representativeness at fine spatial or 
jurisdictional levels. Missing and patchy data at finer scales 
hamper analyses of inequality, patterns of change in it 
over time, and its relationship to socioenvironmental drivers 
and outcomes (1). The World Bank’s World Development 
Indicators (WDI) database shows that over 65% of countries 
have Gini coefficient measures, the most commonly used indi
cator of income or consumption inequality, available fewer 
than six times between 2000 and 2022 (2). Specifically, the 
countries with unavailable inequality data predominantly be
long to the lower- and middle-income countries (L&MICs) 

(Fig. 1). Besides, inequality estimates available at the national 
level do not have a regular temporal frequency (3). The unavail
ability of inequality data at the lower jurisdiction level is more 
pervasive and affects redistributive or other policy decisions 
that affect well-being and inequality. Social assistance or 
safety net programs are an example (4). While economic and 
environmental indicators are relatively easy to identify based 
on existing data such as national censuses and remotely 
sensed data, the same is not true for inequality indicators be
cause of the unavailability of spatially linked socioeconomic 
information at a fine scale (5, 6). Collecting such information 
through traditional household surveys in national censuses 
makes filling inequality data gaps expensive and time- 
consuming (7). Our study demonstrates the harmonization of 
survey data with remotely sensed data and the application of 
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machine learning methods to construct measures of socio
economic inequality and identify patterns in satellite data 
that best correlate with survey data. The proposed analytical 
method can be used to construct diverse inequality measures 
by combining freely available remote sensing data in conjunc
tion with machine learning techniques.

Studies that try to address economic well-being data gaps find 
that its measures are strongly associated with nighttime luminosity 
(8–12). Furthermore, recent studies show that nighttime lights are a 
reliable predictor of poverty and can distinguish economic activity 
at fine spatial scales (4, 7). These studies reveal the potential of 
nighttime lights and machine learning approaches to estimate the 
level of economic growth, poverty, and other human development 
indices (13, 14). However, there is limited evidence at best to clarify 
the relationship between the uneven distribution of socioeconomic 
well-being and nighttime lights to match local-, subnational-, and 
national-level estimates of inequality based on data from social sur
veys (15). To address these knowledge and data gaps, we focus on 
assessing the association between nighttime lights and the uneven 
distribution of socioeconomic well-being. We use household assets, 
including durable goods, nondurable goods, and socioeconomic 
conditions, as proxies for socioeconomic well-being and use the 
Gini coefficient to estimate the uneven distribution of socioeconom
ic inequality (16). Additionally, we identify other remotely sensed 
datasets for sociodemographic characteristics, land cover, and re
moteness to better predict socioeconomic inequality.

Our approach is based on a novel data harmonization frame
work that integrates household surveys and satellite using 
machine learning approach to estimate a reliable proxy for in
equalities in socioeconomic well-being at multiple spatial and 
temporal scales. Understanding the uneven distribution of socio
economic condition within a community is crucial to enable 
decision-makers to design targeted policy interventions that re
duce inequality. Without attention to how different policy meas
ures and socioeconomic forces that affect well-being also 
simultaneously affect inequality, changes in levels of equality 
have little likelihood of being influenced purposively (17, 18).

Nighttime lights as a proxy for estimating 
inequality
Using data from 84 countries, we found that nighttime luminosity 
is an important predictor of income or consumption inequality. 
However, the analysis shows large differences between nighttime 
lights-based and survey-based Gini estimates of consumption, in
come, and assets at the national scale (Figs. S1 and S11). For this 
analysis, we obtained national-level Gini index for 2015 from the 
WDI database (Table S1), selecting countries with available data 
for the study year. To calculate the nighttime lights-based Gini, 
we used the lowest level administrative boundaries available 
in the geoBoundaries database (19). We calculated the average 
nighttime luminosity using the annual Visible and Infrared 
Imaging Suite (VIIRS) dataset (20). Finally, we computed nighttime 
lights-based Gini coefficient for each country, using the lowest ad
ministrative level as the unit of analysis and compared with WDI’s 
Gini index. Similarly, we conducted state-level analysis in India to 
compare between survey-based Gini using household asset hold
ings and nighttime lights-based Gini. The analysis also shows siz
able differences between the two indices (Fig. S10A).

The analysis at various spatial scales suggests that nighttime 
lights can serve as a potential predictor of various inequality indi
cators (21). However, generating a reliable proxy for survey-based 
socioeconomic inequality requires consideration of additional co
variates. These covariates could be demographic, socioeconomic, 
land use related, remoteness of locations, among other factors 
(22). It also requires addressing other possible reasons for the mis
match between nighttime lights-based Gini and survey-based 
Gini: differences in sample sizes and measurement strategies re
searchers have employed to assess the uneven distribution of in
come and consumption. For example, the WDI’s Gini index is 
computed using household income or consumption data, while 
others have used wealth inequality using assets and net assets 
(23). Our analysis uses household assets as a proxy for socio
economic inequality. Specifically, our analytical approach utilizes 
household-level socioeconomic data derived from nationally rep
resentative Demographic and Health Surveys (DHS) conducted in 

Fig. 1. Number of years country-level Gini coefficient available from 2000 to 2022. Lower frequency indicated by heavier shading intensity, and 
unavailability data indicated by neutral shade.
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India, integrated with multiple layers of remotely sensed data 
within a machine learning framework (Fig. 2).

Given the unavailability of comprehensive current socio
economic inequality data in India, this analysis contributes to 
understanding of the distribution of socioeconomic well-being at 
the subnational level. The novel inequality database generated 
from this analysis can support efforts to prioritize areas and 
groups for actions that help reduce inequality. Existing studies 
on inequality in India have contributed to understanding inequal
ity based on incomes and consumption (24–27). However, these 
studies are not comprehensive in terms of spatial and temporal 
coverage. We addressed these gaps related to socioeconomic in
equality by harmonizing social survey and remote sensing data 
that approximates a village in rural areas and a ward in urban 
areas (7).

Estimating socioeconomic inequality
Two successive nationally representative DHS surveys in 2015– 
2016 and 2019–2021 provided an opportunity to test and validate 
estimated socioeconomic inequality at fine spatial and temporal 
resolutions. These datasets include a distribution of ∼22% of the 
poorest households, 21% poorer, 20% middle-income, 19% richer, 
and 18% of the wealthiest households, totaling over 600,000 
households across more than 28,000 geographic clusters in both 
survey rounds. Each geographic cluster corresponds to a small vil
lage or community, comprising ∼23 (Fig. S2) households (7). We 
leveraged the spatial location (Fig. 2A) of each cluster to estimate 
socioeconomic well-being conditions (28). We employed the prin
cipal component analysis method to estimate the socioeconomic 
well-being index for each household (29, 30). Table S2 provides a 
comprehensive list of variables utilized in the computation of 
the socioeconomic well-being index. To account for intergroup 
variation in household-level assets, we standardize the household 
socioeconomic well-being index on a 0–1 scale instead of employ
ing a quantile approach. The choice to normalize the socio
economic index to a 0–1 scale aligns with how asset-based 
indices like the International Wealth Index assess material well- 
being. Normalizing to a 0–1 range enables a clear, comparable 
framework across households by setting bounds where a score 

of 1 represents maximum material well-being and a score of 0 rep
resents the absence of these assets and services (16). This ap
proach allows consistent comparisons across households with 
varying asset profiles and simplifies the interpretation of socio
economic inequality. We used Lorenz curves (Fig. S3) and the 
Gini coefficient to measure and estimate the uneven distribution 
of socioeconomic well-being at the cluster level (31). The Gini co
efficient is calculated as the area between the Lorenz curve and 
the line of perfect equality divided by the total area below the 
line of perfect equality (32). To benchmark against the national- 
level Gini coefficient, we computed country-level socioeconomic 
inequality and compared them with WDI’s income or consump
tions Gini coefficients in 2015 and 2019. Our analysis shows that 
the Gini coefficients from the survey data and the WDI for income 
or consumption are closely aligned at the country level (Fig. S4).

Harmonizing remotely sensed covariates
We used the Gini coefficient in each DHS cluster as the reference 
data or outcome variable and harmonized remotely sensed data 
product as covariates or features for our machine learning model. 
The DHS provides spatial information of cluster locations with a 
displacement error of 2 km for urban clusters and 5 km for rural 
clusters. To account for these displacement errors, we applied 
buffers to approximate the location of each household within 
each geographic cluster (7). We then extracted pixel values for 
the identified remote sensing covariates within these buffers. 
The remote sensing covariates were selected based on their hy
pothesized importance for estimating socioeconomic conditions 
and their availability at 500-m spatial resolutions from 2015 on
ward: the included variables represent socioeconomic, demo
graphic, land use, and remoteness (Table S3). We rely on 
existing literature to select seven layers of covariates for our ana
lysis. These include nighttime lights (11, 21) for economic activ
ities, crop area (33–35) as land-use indicator, and normalized 
difference vegetation index (NDVI) (36–38) as proxy agricultural 
yield. We have used population (39, 40), urban-built, and human 
footprint (41–43) as representing sociodemographic factors and 
the nearness to the national highway and administrative center 
(44, 45) as indicators of remoteness. All satellite imagery used in 
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Fig. 2. Analytical framework for data harmonization and machine learning approach to estimate remote sensing-based socioeconomic inequality. A) 
DHS 2015–2016 (number of clusters = 28,000) is the training dataset and DHS 2019–2021 (number of clusters = 30,000) is the test dataset. B) Lorenz curves 
to estimate the uneven distribution of household socioeconomic well-being at the cluster level. Remotely sensed covariates harmonized at 2- and 5-km 
buffers around urban and rural clusters. C) Predicted Gini coefficient using machine learning model from 2016 to 2020.
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this study is reprojected and resampled at 500-m spatial reso
lution to make the spatial scale consistent before data harmoniza
tion (Table S4).

Cross-validation machine learning model
We have implemented the spatial cross-validation method to 
train the random forest model, allowing us to split the data into 
multiple training and test datasets within each cross-validation 
loop (46). We utilize a grid search strategy to identify the best 
set of hyperparameters and optimize the model performance 
(47). In this study, we used 5-fold cross-validation and district as 
spatial units. One-fold constitutes ∼5,600 clusters (Fig. S5). In 
each iteration of the cross-validation loop, one of the folds is 
used as test data, and the remaining folds are combined to create 
the training dataset. The spatial cross-validation approach ensured 
that our model was evaluated on different subsets of data to assess 
our model’s applicability to unseen data (48). Additionally, we per
formed a robustness check using the XGBoost method with cross- 
validation and train and test data partition method. The results 
of cross-validation models are available in Tables S5 and S6 in 
the supplementary material.

Results
Nighttime lights as a predictor of socioeconomic 
inequality
We used nighttime lights as the only predictor to estimate socio
economic inequality at the cluster level, aiming to assess its ex
planatory power. The test results indicate that nighttime lights 
alone provide limited explanatory power, with an R-squared of 
26% between surveyed and predicted Gini using nighttime lights 
in 2015–2016, coupled with a mean squared error (MSE) of 0.014. 
Similarly, for the 2019–2021 data, the R-squared further decreased 

to 22%, with a MSE of 0.013. These findings suggest that nighttime 
light alone is inadequate to accurately predict socioeconomic in
equality (Fig. S6).

Nighttime lights and sociodemographic factors as 
predictors of socioeconomic inequality
In addition to nighttime lights, we have incorporated other 
satellite-based sociodemographic factors to enhance the model’s 
accuracy. Our random forest machine learning model finds a 
strong correlation between the survey-based and predicted Gini 
coefficient at the cluster level. The MSE on the test dataset is 
0.0082, the MSE of the full dataset is 0.0031, and the R-squared 
shows an 84% correlation between observed and predicted Gini 
(Fig. 3A). The results indicate that nighttime light is the most sig
nificant covariate, contributing (0.326) of the mean decrease in 
impurity in the model’s predictive performance. Other important 
variables include crop area (0.185), settlement footprint (0.140), 
NDVI (0.102), distance to the national highway (0.095), total popu
lation (0.091), and distance to the nearest administrative center 
(0.060). Using the same model specification, we trained the DHS 
2019–2021 dataset which shows similar results. The MSE for 
the test dataset is 0.0076, while the MSE for the full dataset is 
0.0027. The R-squared value of 84% correlation indicates a 
stronger correlation between survey-based and predicted Gini co
efficients (Fig. 3B). The mean absolute error (MAE) of 4.78% in 
2015–2016 and that of 4.47% in 2019–2020 indicate strong model 
performance, showing that the average prediction error is <5% 
compared with the range of target values of full datasets.

Analysis of uncertainty in estimates
To assess the uncertainty in predictions, we employed the boot
strap resampling method with 1,000 iterations to estimate the 
variability of the model’s predictions (Fig. S7). This approach 

Fig. 3. Machine model performance summary. A) Model performance of test dataset (2015–2016) and B) model performance of full dataset (2019–2021). 
Left panel: feature importance. The x-axis shows the mean decrease in impurity, and the y-axis shows the feature importance in descending order for the 
2015–2016 model. Middle panel: test dataset results. The x-axis shows the cluster-level estimated Gini based on household socioeconomic well-being, 
and the y-axis shows predicted Gini coefficients derived from remotely sensed data. Right panel: full dataset results. The x-axis shows the cluster-level 
estimated Gini using household socioeconomic well-being, and the y-axis shows the predicted Gini coefficients based on remotely sensed data.
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allowed us to calculate 95% CIs for the prediction errors, with lim
its of [0.0264, 0.0277]. The narrow range of these intervals indi
cates that the model’s prediction errors are consistent and 
exhibit limited variability. These findings underscore the model’s 
robustness while accounting for the inherent uncertainty in its 
estimates.

Feature contributions
We derived SHapley Additive exPlanations (SHAP) values to ana
lyze the machine learning model and elucidate the contribution 
of each variable in predicting socioeconomic inequality (Fig. S8). 
SHAP provides a comprehensive summary of the contributions 
made by each feature or input variable used in a machine learning 
model (49, 50). The SHAP plots for both DHS 2015–2016 and DHS 
2019–2021 consistently demonstrate that higher levels of lumi
nosity correspond to positive SHAP values, while lower luminosity 
levels exhibit negative SHAP values. This suggests that households 
residing in well-lit areas tend to have higher predictions of socio
economic inequality. Conversely, the relationship observed for 
crop area is inverse, wherein higher crop areas are linked with lower 
predictions of socioeconomic inequality. Additionally, the results 
indicate that areas with high population density are associated 
with higher levels of socioeconomic inequality. Variables such as to
tal population, NDVI, distance to highways, and proximity to ad
ministrative centers exhibit SHAP values clustered around 0, 
suggesting that these factors have minimal impact on predicting 
socioeconomic inequality.

Validations
Model performance
We validated the reliability of our framework and model by ana
lyzing the difference between the survey-based and predicted 
Gini indices. Overall, at the cluster level, the model performance 
shows <5% MAE. We further analyzed aggregated Gini indices at 
the district level to examine spatial patterns across the country. 
We calculated the 90th percentile of the absolute differences in 
Gini indices, identifying the top 10% of districts out of 640 with 
the largest disparities between the survey-based and predicted 
values (Fig. S9). The analysis of districts showed that positive dif
ferences were mostly found in more developed districts with high
er socioeconomic inequality (N = 45), while negative differences 
were observed in less developed districts with lower socioeconom
ic inequality (N = 19), particularly in the northeastern regions. 
Finally, we analyzed the extreme values with residuals above 
0.05, and the scatter plot (Fig. S10) in the supplementary material
shows a few districts that exceed this threshold. This analysis indi
cates that, overall, the model produces reliable estimates that align 
with survey data, with relatively moderate performance in a few 
cases. Possible reasons for these discrepancies include differences 
in the representativeness of the survey data and variations in the 
satellite data’s ability to capture socioeconomic in regions with lim
ited development or low luminosity. Additionally, we conducted a 
state-level bivariate analysis to validate the results by comparing 
the predicted Gini generated from the machine learning model, 
with the survey-based socioeconomic Gini. The validation showed 
a significant reduction in the gaps between the two measures 
(Fig. S11B).

Temporal validation
To validate the model across temporal scales, we used the trained 
model of DHS 2015–2016 to predict cluster-level Gini using DHS 

2019–2021 geographic cluster and vice versa. Since the geographic 
locations of the clusters are different for both rounds, the test re
sults provide a robust validation of our cross-validation models 
across temporal scales. The DHS 2019–2021 model performs bet
ter on DHS 2015–2016 data with a 71.62% correlation between ob
served and predicted Gini and the DHS 2015–2016 model finds a 
68.49% correlation on DHS 2019–2021 data (Fig. S12). The higher 
predictive performance of the DHS 2019–2021 model could be 
due to larger sample sizes and changes in covariates over time 
(7). Additionally, we compared the model performance between 
the rural and urban clusters (Fig. S13), block and district 
(Fig. S14), and the results revealed a strong correlation between 
observed Gini and remote sensing-based Gini district and block. 
Finally, we filled temporal socioeconomic inequality data at the 
district level from 2016 to 2019 (Fig. 4).

Spatial validation
We used spatial interpolation to validate estimated socioeconom
ic inequality using household socioeconomic well-being index at 
the district (administrative level 2) and block (administrative level 
3). The spatial interpolation followed three steps for the district- 
and block-level validation: (i) we computed Gini coefficients at 
the district and block levels using household socioeconomic well- 
being index, (ii) we aggregated cluster-level Gini coefficients using 
average at the district and block levels, and (iii) we performed bi
variate analysis to compare between the observed Gini and aggre
gated. We find a strong correlation between the estimated Gini 
and aggregated Gini. The R-squared value between the block-level 
socioeconomic Gini and interpolated Gini is 84%, and it is 95% at 
the district level (Fig. S14). The district-level correlation value is 
higher than the block- and cluster-level correlation values due 
to the size of observations and noise in the data. We have ∼44 clus
ters per district and five clusters per block in the DHS 2014–2015 
dataset. Figures S17–S20 present the distribution of clusters by 
state, district, and block. All the 640 districts of the 2011 Indian 
census have at least five clusters, whereas out of 7,272 blocks, 
DHS clusters could be mapped with 5,429 blocks.

Robustness check
Analysis of socioeconomic well-being levels as the 
outcome variable
To perform the robustness check using levels of socioeconomic, 
we categorized them into poorest, poorer, middle, richer, and rich
est levels. We computed the average socioeconomic for each clus
ter and applied the same model specifications along with 
remotely sensed covariates. The test results show an R-squared 
of 62% for the test model and 86% for the full dataset (Fig. S15). 
However, the test model shows a higher MSE of 0.45 compared 
with 0.16 for the full dataset and an MAE of 7.52%. Although the 
model gives a better R-squared, the error percentages are higher 
than those observed in the main results. The results indicate 
that nighttime light is the most significant covariate, contributing 
(0.286) of the mean decrease in impurity in the model’s predictive 
performance. Other important variables include crop area (0.202), 
settlement footprint (0.142), NDVI (0.105), distance to the national 
highway (0.091), total population (0.110), and distance to the near
est administrative center (0.061).

Alternate machine learning model
We performed robustness checks using the XGBoost model. The 
comparison of model performance metrics of random forest and 
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XGBoost models is presented in Table S7. We selected the random 
forest model by comparing the MAE as a percentage of the pre
dicted range between the random forest and XGBoost models on 
the test data. The random forest model reported an MAE of 
9.09%, while the XGBoost model reported 9.32% on the test data.

Discussion
The lack of inequality data at the subnational level has made it 
impossible to measure and track inequality effectively, hamper
ing efforts to reduce within-country disparities, especially in 
meeting global targets for L&MICs. Our analysis offers an analyt
ical framework that integrates remotely sensed data with ma
chine learning to estimate inequality at finer jurisdictional, 
spatial, and temporal scales compared with those available 
from survey or census data. The novel data harmonization pro
cess combines cluster-level socioeconomic inequality with re
motely sensed data. The framework is computationally efficient 
and was implemented using freely available open-source soft
ware. Despite the diverse demographics and socioeconomic con
ditions across rural and urban areas in India, the cross-validated 

machine learning model produced inequality estimates closely 
aligned with socioeconomic inequality measures derived from 
household survey data. The cluster-level dataset produced from 
this analysis is comparable with the survey data at local, subna
tional, and national levels of inequality in India. To validate the re
sults at a temporal scale, we leveraged the household survey data 
from two survey rounds. The results revealed a consistent rela
tionship between remotely sensed and survey data between the 
two survey rounds. The association of nighttime lights with eco
nomic activities is well established, and evidence is also available 
for analyzing socioeconomic and poverty through daytime satel
lite imagery (9, 11). Our study shows how nighttime lights data 
in combination with other remotely sensed covariates provide 
more reliable estimates of socioeconomic inequality. The devel
oped approach thus bridges data gaps across spatial and temporal 
scales, employing cost-effective and scalable machine learning 
techniques.

We address the challenges reported in prior studies, particular
ly the mismatch of inequality that is based solely on nighttime 
lights (21). In addition to nighttime lights, our data harmonization 
approach includes several other remotely sensed layers that 

Fig. 4. District-level socioeconomic inequality maps from 2015 to 2020. A) Survey-based socioeconomic Gini coefficient (2015), B) predicted 
socioeconomic Gini coefficient (2016), C) predicted socioeconomic Gini coefficient (2017), D) predicted socioeconomic Gini coefficient (2018), E) predicted 
socioeconomic Gini coefficient (2019), and F) survey-based socioeconomic Gini coefficient (2020). Regions with lower Gini coefficients are represented 
with shades associated with lower intensity, higher Gini coefficients are shown with darker shades. Areas with unavailable data are represented in 
neutral shade.
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explain demographic, socioeconomic, and land-use characteris
tics related to inequality (26). The analysis presents a reliable 
method for estimating socioeconomic inequality from satellite 
imagery, despite the fundamental challenges in measuring socio
economic conditions remotely (51). For instance, it is challenging 
to distinguish the assets between wealthy and poorer households 
using nighttime lights and other remotely sensed data. However, 
we can distinguish the wealthy and poorer neighborhoods by har
monizing data at a finer spatial scale. We trained the machine 
learning model using the socioeconomic well-being distribution 
at the cluster level which helped the model “learn” the distribu
tion of demographic and socioeconomic characteristics from sat
ellite data. The data harmonization approach contributes to a 
broader application of free available remote sensing data and ma
chine learning models to estimate inequality and many other 
similar social indicators at a fine spatial scale. Our analysis pro
vides a reliable proxy of socioeconomic inequality that can be 
combined with several other drivers to analyze the causes and ef
fects of inequality by identifying variations in its persistence and 
changes in relation to a suite of social, economic, and environ
mental factors. The analysis in our study contributes novel meth
ods to generate socioeconomic measures of inequality globally 
and their application to address other Sustainable Development 
Goals related to inequality.

Limitations
The study uses satellite data at the DHS geographic cluster level 
as reference (ground truth) data to train the model. Each cluster 
consists of about 23 households, with the Gini coefficient used 
to measure the distribution of socioeconomic well-being. The 
sample size used in this study may lead to undersampling 
and inadequate representation of the socioeconomic well-being 
distribution within each cluster. This can introduce bias, caus
ing the model to smooth out extremes and potentially under
predict the Gini coefficient. Additionally, generalizing this 
model to other geographic context beyond India and developing 
further socioeconomic indices will require careful selection of 
satellite-based covariates and assessment of the performance 
of machine learning models used in conjunction with these 
covariates.

Materials and methods
Dataset
DHS is the most extensive household survey on population, 
health, nutrition, and socioeconomic data covering more than 
90 countries worldwide. It provides the approximate location of 
each household at the geographic cluster level with a displace
ment error of 2 and 10 km for urban and rural areas (7). The data
set used in this study comprises 28,000 clusters with 600,000 
households in DHS 2015–2016 and 30,000 clusters containing 
636,699 households in DHS 2019–2021. One geographic cluster 
constitutes 20 to 25 households (Fig. S1). The study uses the loca
tion coordinates of each DHS cluster with 2- and 5-km buffers for 
urban and rural areas to extract covariates from remotely sensed 
data.

Machine learning model
Developing socioeconomic indices at scales becomes possible 
with the advancement of open-source geospatial computing plat
forms, free access to satellite imagery, and machine learning 
models. These socioeconomic indices have helped monitor 

several socioeconomic and environmental issues through time 
and space. However, satellite data need ground truthing and 
data labeling to extract meaningful information before we use 
them in machine learning and deep learning models (7). Data la
beling is not feasible when we develop large-scale development 
indices through time and space. In this study, we used each clus
ter as the ground truth or reference data of socioeconomic well- 
being distribution and extracted pixel values for each cluster. 
The study used cluster-level Gini coefficient from the DHS survey 
as the outcome variable and covariates from remotely sensed 
data. Table S3 presents the list of covariates and measurement 
strategies.

Implementation approach
We combine DHS survey data and satellite imagery, executing 
four steps to estimate socioeconomic inequality at the subnation
al levels. First, we compute DHS cluster-level socioeconomic in
equality; second, we process and extract features from satellite 
imagery; third, we train the machine learning models to estimate 
socioeconomic inequality; and finally, we create inequality esti
mates at the block, district, and state levels for India.

DHS cluster-level socioeconomic inequality
Socioeconomic well-being index
Household-level socioeconomic information constitutes dwell
ing characteristics (material used for floor, roof, wall, and toilet 
facility), durable assets (television, refrigerator, motorcycle, mo
bile, and bike), utilities (access to clean drinking water and cook
ing fuel), and socioeconomic (dependency ratio, agricultural 
land, livestock, below-poverty card holder and bank account) 
to estimate household-level assets accumulation. We normal
ized the socioeconomic well-being index using the following 
equation:

Normalized socioeconomic index (NSI)

=
(First components–Minimum value of first component)

(Maximum value of first component − Minimum value of first component)

× 100 

Socioeconomic inequality
We compute the Gini coefficient to measure geographic cluster- 
level socioeconomic inequality. Socioeconomic inequality is 
calculated at the national level for benchmarking with the 
World Bank’s national estimates and further at the state, dis
trict, and subdistrict levels to validate the model at finer spatial 
scales.

G = 1 − 2 ×
􏽘

[(i − 1) × Xi]/ n ×
􏽘

Xi
􏼐 􏼑

where X is the normalized socioeconomic index, i represents the 
rank of the observation (1 to n), Xi represents the value of the 
variable X at rank i, and ∑ denotes the summation operator, 
adding up the values for all observations.

Extract features from satellite imagery
The study uses 2015 and 2020 satellite imagery for DHS 2015– 
2016 and DHS 2019–2021 survey rounds. All the satellite imagery 
used in this study is reprojected and resampled at 500-m spatial 
resolution to make the spatial scale consistent before feature 
extraction. Image acquisition, processing, and feature extrac
tion are done using a combination of geospatial toolkits com
prising Google Earth Engine (GEE), QGIS, and Python (46, 52, 53).
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Nighttime lights
The study extracts the annual average radiance of nighttime light 
data from the VIIRS Day Night Band annual series with cloud-free 
and other atmospheric corrections by removing outliers (20). The 
spatial resolution of the product is 15 arc seconds (∼500 m at the 
equator) with global coverage (180W, 75N, 180E, 65S). The study 
uses the average radiance for each cluster, indicating the lumi
nosity intensity.

Settlement footprint
The study draws human settlement data from the World 
Settlement Footprint 2015 (WSF 2015) (54). The data product has 
a spatial resolution of 10 m (0.32 arcsec) generated using optical 
and radar satellite imagery. The study resampled the image at a 
500-m spatial resolution and computed the total settlement 
area for each cluster.

Population
WorldPop provides gridded population count data at 100-m reso
lution for individual countries. We reprojected and resampled the 
data at 500-m resolution and extracted the total population for 
the study years (55).

Normalized difference vegetation index
We used USGS Landsat 8 Collection 2 data to calculate NDVI for 
each cluster. We have performed the image process and repro
jected and resampled at 500-m spatial resolution. We calculated 
the normalized difference between Band 5 (near infrared) and 
Band 4 (red) surface reflectance.

Land cover
The study draws the total crop areas from Moderate Resolution 
Imaging Spectroradiometer Land Cover Type (MCD12Q1) version 
6.1 data products at a 500-m spatial resolution.

Distance to nearest highway and administrative center
The study obtained India’s latest national highway data and com
puted the nearest distance from each cluster. Similarly, the dis
tance from the cluster location to the nearest administrative 
center is calculated using India’s census 2011 subdistrict 
shapefile.

Train machine learning models
We trained the random forest model performance employing a 
cross-validation approach and tuned the hypermeters using a 
grid search strategy. We executed three steps: (i) the dataset 
was divided into 5-folds using district as a spatial unit, (ii) a ran
dom forest regressor was created and trained on the training data
set, and (iii) model performance was evaluated for each fold using 
MSE, SD of MSE, and R-squared values. We followed the same 
steps for a robustness check using XGBoost and train and test par
tition approach.

Create inequality estimates at block and district levels
We overlaid the geographic clusters of DHS 2015–2016 and DHS 
2019–2021 using block and district boundary and aggregated 
using cluster-level average for each administrative level. Figures 
S17–S20 in the supplementary material present the distribution 
of cluster by administrative units.
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