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ABSTRACT

Heat exposure is an escalating public health concern, where limited policy attention and infrastructure
constraints hinder effective risk assessment and response. This study introduce a multi-perspective and multi-
scale analytical framework to quantify socioeconomic disparities in heat exposure using spatiotemporally
resolved data, providing key insights for targeted public health interventions and policy development. Taking
India as the study area, we integrated temperature, human mobility, and socioeconomic data at geohash-5 level
and 3-hour intervals throughout 2019. Our results reveal distinct spatial-temporal patterns of extreme heat,
suggesting that socioeconomic conditions are weakly associated with differences in heat exposure, particularly
across populated metropolitan regions. A significant but modest association between the Relative Wealth
Index (RWI) and Wet Bulb Globe Temperature (WBGT) is observed at the metropolitan scale (r ~ 0.32%**),
reflecting broad population scale gradients across large urban regions, rather than neighborhood level intra-
urban variability. Mobility analysis further shows that lower-income groups not only experience greater heat
stress during daily activities but also face constrained capacity to adapt their travel behavior under extreme
heat. These findings underscore the need to incorporate mobility-informed exposure assessments. The proposed
framework offers practical guidance for data-driven, equity-oriented planning and is particularly suited for
developing country contexts where high-quality big data remains limited.

1. Introduction

snowstorms (Zhang et al., 2019). Moreover, growing evidence has
demonstrated strong correlations between extreme temperatures and

With global warming and rapid urbanization, the frequency and
intensity of extreme heat events are increasing worldwide (Guo, Mis-
try et al., 2024; Klingelhofer et al., 2023), posing serious threats to
public health, including heat-related illnesses such as heat stroke (Guo,
Yuan et al., 2024; Hess et al., 2023; Kim et al., 2016). Consequently,
heat exposure has gained significant research attention as a critical
environmental risk, especially within urban contexts.

In recent years, studies have extensively explored how extreme
weather events influence human mobility patterns within urban ar-
eas (Chapman et al., 2017; Zhang et al., 2019). These studies show
significant disruption in human mobility in response to events such
as hurricanes, wildfire smoke (Hatchett et al., 2021), rainstorms, and

urban mobility patterns. For instance, Gu et al. (2024) utilizing mobile
application data, revealed that extreme heat inhibits people flow to-
ward city centers and promotes movement toward suburbs, influencing
short-distance travel behaviors.

However, existing studies primarily focus on developed regions with
abundant data resources and well-established infrastructure, often em-
phasizing specific vulnerable populations (Basu & Samet, 2002; Kovats
& Hajat, 2008; Yin et al., 2021), and occupational heat stress (Gubernot
et al., 2014; Jay & Kenny, 2010; Spector et al., 2019). Additionally,
research on chronic climate impacts has largely examined spatiotempo-
ral patterns of heat exposure (Kyaw et al., 2023; Liu et al., 2024) and
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urban heat island effects (Jacobs et al., 2019; Liu et al., 2024). Few
have explored socioeconomic disparities, especially from a mobility
perspective.

Critical knowledge gaps remain in understanding of heat exposure
risks and their implications in developing countries, particularly in
regions of the Global South. These areas not only face existing hot and
humid climates but are projected to experience more severe increases
in extreme heat under climate change scenarios (Mora et al., 2017;
Suter et al., 2019). The climate crisis is inherently inequitable, dispro-
portionately impacting impoverished populations who contribute least
to greenhouse gas emissions (Campbell-Lendrum & Corvalan, 2007).
Furthermore, developing countries often face structural challenges such
as weak healthcare systems and inadequate infrastructure deficiencies
due to their economic constraints. A significant portion of low-income
populations live in informal settlements, where protective measures
against extreme climate are severely limited. Despite these poten-
tial vulnerabilities, research addressing heat exposure and mitigation
strategies in low- and middle-income countries remains limited (Hon-
dula et al., 2017; Kjellstrom et al., 2009), particularly with respect to
human mobility, which significantly influences actual exposure levels.

To bridge these research gaps, our study proposes a multi-
perspective and multi-scale analytical framework to assess socioeco-
nomic disparities in heat exposure, incorporating environmental, mo-
bility, and socioeconomic data. Specifically, we address the following
research questions:

» What are the spatiotemporal patterns of heat exposure experi-
enced by residents across India, especially in urban contexts?

» Do populations from different socioeconomic groups experience
unequal levels of heat exposure risk under similar climatic condi-
tions?

» How do these disparities manifest from static (residence-based),
semi-static (activity-based), and dynamic (trip-based) perspec-
tives?

We employ India as our case study, as it represents a critical
context with its high population density, pronounced socioeconomic
inequality, widespread informal housing conditions, and predominantly
tropical and subtropical climate characterized by high temperature and
high humidity. Additionally, the country’s diverse socioeconomic land-
scape, coupled with limited cooling infrastructure, provides a meaning-
ful opportunity to examine how socioeconomic status influences heat
exposure disparities.

In this study, we define structural inequalities as spatially embedded
disparities in access to infrastructure, urban amenities, and mobility
resources, which shape individuals’ exposure to environmental risks
and constrain their capacity to respond (Hsu et al., 2021). For example,
in the context of heat exposure, lower-income groups may have less
access to green spaces, air-conditioned environments, or efficient public
transportation—factors that directly influence their ability to avoid or
mitigate heat stress (Laue et al., 2022).

Specifically, we utilize high-resolution spatiotemporal data integrat-
ing human mobility patterns and socioeconomic indicators to investi-
gate how different socioeconomic groups in Indian cities experience
and mitigate heat exposure, providing crucial insights for targeted
public health interventions and policy development.

2. Literature review
2.1. Necessity of heat exposure study in India

The intensification of extreme heat due to anthropogenic climate
change poses a severe global challenge. Multi-scale analyses of the
2021 Western U.S. heatwaves showed that large-scale synoptic highs,
mesoscale circulations, and local urban heat island (UHI) effects in-
teracted to create temperature anomalies exceeding 10-20°C above
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climatological norms, underscoring the compound nature of urban heat
risks (Chen et al., 2023). Similar trends are evident across the Global
South. In India, the frequency and intensity of heat waves (HW) and
severe heat waves (SHW) have increased markedly since the mid-20th
century, with higher mortality risks in coastal regions (Singh et al.,
2021). Moreover, urbanization exacerbates exposure through declining
vegetation and increasing impervious surfaces. In India’s National Capi-
tal Region, land surface temperature (LST) rose by 2.7°C between 2005
and 2020, expanding the UHI footprint and degrading ecological con-
ditions (Mandvikar et al., 2024). And a J-shaped temperature-mortality
curve, with mortality rates rising sharply when temperatures exceeded
35 degrees has been found in Ahmedabad (Sharma et al., 2024).
Such evidence highlights the link between urban planning, climate
adaptation, and public health. As high heat correlates with elevated
mortality, productivity loss, and migration pressures, particularly in
rapidly growing Indian cities, understanding heat exposure is crucial
for sustainable urban resilience.

2.2. Progress in global heat exposure studies

Research on heat exposure in the field of urban planning has pro-
liferated across multiple countries these years. Early work in the U.S.
and Europe focused on census-based vulnerability mapping (Aubrecht
& Ozceylan, 2013; Hsu et al., 2021), while more recent analyses extend
to the Global South, China, India, and the Middle East, where rapid ur-
banization interacts with climate change to create new hotspots of risk.
For example, Wang et al. (2024) assessed extreme heat exposure in 320
Chinese cities using a Hazard Exposure Vulnerability framework, re-
vealing that over 97% of cities experienced worsening exposure trends
from 2000 to 2020. Similarly, Zou et al. (2025) examined 301 Chinese
cities and found population weighted exposure rising consistently over
two decades, driven by dense built-up expansion and limited adaptive
infrastructure. Li, Yigitcanlar et al. (2024) developed a Comprehen-
sive Heat Vulnerability Index (CHVI) in Australia by incorporating
socio-demographic and health indicators, finding that vulnerability
decreases from urban to rural areas, yet inequity remains pronounced
in city centers. Similarly, Kitchley et al. (2024) proposed a contextual
vulnerability framework for Madurai, India, integrating social capital
and cultural values alongside meteorological and biophysical parame-
ters to reveal socially marginalized zones. These multi-criteria indices
demonstrate how heat exposure interacts with socio-economic and
infrastructural disparities in diverse urban contexts.

Methodologically, the field has evolved from static, homogeneous
temperature analyses toward dynamic frameworks that focus on inter-
nal variations and integrate multiple data sources. For example, El Ke-
nawy et al. (2024) used regression-based LST trends to analyze day-
night heat stress across Middle Eastern cities, revealing stronger night-
time warming inland and millions at risk under sustained heat ex-
posure. Zou et al. (2025) introduced population-weighted heat ex-
posure (PWE) metrics to capture urban-rural disparities across 301
Chinese cities, emphasizing the role of human distribution in shaping
exposure patterns. The growing use of high-resolution satellite data
(e.g., ECOSTRESS, Landsat) has enabled socio-spatial comparisons of
heat exposure by income level. For instance, Raj et al. (2025) contrasted
Seoul and London, finding that low-income neighborhoods in London
suffer greater heat intensities due to uneven greenspace distribution,
whereas Seoul exhibits more equitable thermal conditions because
of compact housing patterns and balanced urban planning. Further-
more, Lyu et al. (2024) used location-based social media and natural
language processing to map human perceptions of heat exposure in real
time, demonstrating how participatory data can complement remote
sensing for urban heat resilience. Most recently, Wu et al. (2025)
integrated mobile phone signaling data with mean radiant temperature
(MRT) maps to distinguish residence-based and mobility-based expo-
sure, addressing the Neighborhood Effect Averaging Problem (NEAP).
Their results from Chongging show that daily mobility significantly



J. Ma et al.

moderates exposure extremes, producing upward averaging in urban
cores and downward averaging in suburban zones, marking a paradigm
shift from static spatial exposure mapping toward mobility-aware ap-
proaches. Collectively, these studies highlight the complexity of urban
heat exposure as an intersectional and multi-scalar problem linking
climate science, public health, and urban planning. The growing body
of work from both the Global North and South underscores that ad-
dressing heat inequality requires not only technological mitigation but
also social and spatial justice.

2.3. Persistent gaps and summary

Despite the progress, significant gaps still remain in understanding
and addressing heat exposure inequality. (1) Static exposure assump-
tions. Most existing studies define exposure based on residential or
census tracts, neglecting individuals traverse diverse thermal environ-
ments. As Wu et al. (2025) show, ignoring mobility systematically
biases exposure estimates, particularly for outdoor workers and com-
muters which are common in the Global South. (2) Underrepresentation
of the Global South. While equity has been well documented in North
American and European contexts (Hsu et al., 2021), few studies in-
tegrate social inequity with dynamic mobility in cities such as Delhi,
Lagos, or Sao Paulo. Yet, evidence from India’s NCR (Mandvikar et al.,
2024) and Chinese metropolitan regions (Wang et al., 2024; Zou et al.,
2025) reveals rapid urban expansion coupled with inadequate adaptive
capacity. The Global South’s deficit in both quantity and quality of
green infrastructure further widens the thermal inequality gap (Li,
Svenning et al., 2024). (3) Temporal and behavioral granularity. Heat
exposure fluctuates by hour, season, and activity type, but diurnal and
behavioral dimensions are rarely captured. Studies in the Middle East
and East Asia (El Kenawy et al.,, 2024; Ming et al., 2024) demon-
strate significant day-night and subgroup variations, yet large-scale,
time-resolved assessments remain scarce.

By integrating static environmental layers with dynamic human
trajectories, experienced rather than merely residential heat exposure
can be reconstructed. This approach enhances realism by capturing
how people clustering, traveling in the city space shape actual thermal
stress. It further enables equity analysis, revealing whether low-income
or marginalized groups endure higher exposure and choose different
travel patterns when facing heat challenge. The findings of temporal
variations help us to identify critical intervention periods, such as
shading for peak-hour transit routes or nighttime cooling in dense
urban cores.

In summary, heat exposure research has evolved from climatic
mapping to complex socio-environmental analysis, yet most studies
remain spatially static and demographically coarse. Incorporating mo-
bility transforms the understanding of exposure from where people
live to where and when they move, unveiling the hidden inequalities
of daily urban life. For Global South cities, where exposure, vulnera-
bility, and mobility intersect sharply, such multi-scale, mobility-based
approaches can redefine heat-resilience planning by revealing “moving
inequalities” in thermal risk and guiding equitable, adaptive urban
design.

3. Materials and methods
3.1. Study area

This study focuses on India, a rapidly urbanizing country in South
Asia with a population exceeding 1.4 billion. Administratively, India
comprises 28 states and 8 union territories. Despite notable economic
growth, the urbanization rate remains at approximately 35%-38%,
indicating that a large majority of the population still resides in rural
areas. India is highly vulnerable to extreme heat, especially during the
pre-monsoon summer months, with large parts of the Indo-Gangetic
Plain and central India regularly encountering temperatures exceeding
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40°C. The increasing frequency and intensity of heatwaves pose a
growing threat to public health and sustainable development.

To ensure the robustness of our findings and mitigate boundary
sensitivity, this study employs a multi-scale analytical framework en-
compassing four spatial levels (Fig. 1):

1. National Scale (entire country): A baseline analysis using ap-
proximately 145,600 Geohash-5 units across all of India.

2. Populated-area Scale (areas with active users in PD dataset):
A refined analysis covering approximately 20,800 Geohash-5
units wiith active user data in the Population Density dataset,
excluding sparsely populated rural regions or non-urban built-up
areas.

3. Metropolitan-region scale (21 cities): An urban-focused analy-
sis of India’s 21 top metropolitan cities (e.g., Mumbai, Delhi,
Kolkata), geographically dispersed and representing approxi-
mately 630 Geohash-5 units.

4. Individual city scale (typical city area): Each metropolitan cities
is treated as an individual study unit, enabling an exploratory
analysis of coarse spatial gradients across the city’s Geohash-
5 units. Given the limited spatial resolution of the underly-
ing data, this analysis does not aim to capture fine-scale or
neighborhood-level intra-urban variability.

3.2. Data source

Human mobility data: We leverage anonymized, aggregated hu-
man mobility data provided by Spectus Social Impact, obtained as
part of the Netmob 2024 data challenge (Zhang et al., 2024). The
dataset includes high-resolution population density (PD) and origin—
destination (OD) matrices aggregated at geohash-5 level (4.9 km * 4.9
km) and recorded at 3-hour intervals for the entire year of 2019 across
India. All data was collected following informed consent protocols,
ensuring full anonymity and ethical compliance. It enables us to assess
static population distributions during periods of elevated temperatures
and analyze dynamic human mobility patterns across spatial units.
Preliminary analysis of PD data indicates pronounced user densities
in northern and southwestern regions, which provide crucial spatial
context for subsequent heat exposure analysis (Fig. 3, top-right).

Temperature data: Hourly 2 m temperature, 2 m dewpoint tem-
perature, 10 m u-component of wind, 10 m v-component of wind, and
surface solar radiation downwards data were obtained from the ERA5-
Land hourly data from 1950 to present dataset provided by the Climate
Data Store (Copernicus Climate Change Service, 2025). These variables
were collected for calculation of the Wet Bulb Globe Temperature
(WBGT), which would be explained in Section 3.3.1. The ERA5-Land
dataset offers high-resolution meteorological data at approximately 9
km spatial resolution.

To align the temperature data spatially with the mobility dataset,
we performed nearest-neighbor interpolation method to map the value
onto the Geohash-5 units (with scale of 4.9 km resolution). Temporally,
the hourly temperature data was further aggregated into corresponding
3-hour intervals.

Socioeconomic data: To quantify socioeconomic disparities in heat
exposure, we employed the Relative Wealth Index (RWI) dataset pro-
vided by Chi et al. (2022). The RWI, derived from de-identified con-
nectivity data, satellite imagery, and other nontraditional data sources,
provides a high-resolution (2.4 km) proxy for living standards within
countries. It is particularly advantageous in low- and middle-income
settings with limited traditional economic indicators. The RWI has been
externally validated by Chi et al. (2022) against Demographic and
Health Surveys (DHS) wealth quintiles, showing strong correlations (r
> 0.8) across multiple LMICs, including India. Furthermore, a compar-
ative analysis of wealth index predictions in Africa shows that the RWI
method yields the closest estimates to ground-truth data (Karsai et al.,
2024).
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a) Whole Country Area

b) Area with active users in PD dataset
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Given the lack of detailed socioeconomic information in our mobil-
ity data, the RWI dataset captures spatial relative wealth distributions.
Considering users’ uneven spatial distribution and possible sampling
bias in mobility data, it is appropriate to use quartiles to divide users
identified from the mobility dataset into four equal-sized groups of
varying economic levels. We categorize the continuous RWI value into
four socioeconomic groups: low RWI (<0.68), middle RWI (0.68 <
RWI < 0.97), mid-high RWI (0.97 < RWI < 1.16), and high RWI
(>1.16). This classification is particularly relevant in India’s context,
where disparities in infrastructure significantly influence vulnerability
to heat stress. The resulting spatial RWI distribution (Fig. 2, middle)
highlights the substantial wealth disparities across India, where most
regions exhibit low RWI, while mid-high and high RWI groups are
concentrated in some urban centers, reinforcing the importance of
integrating socioeconomic factors into heat exposure assessments.

3.3. Methods

Combining these mobility, meteorological, and socioeconomic
datasets, our study establishes a methodological framework (Fig. 3)
to quantify socioeconomic disparities in heat exposure across diverse
spatial-temporal scales in India.

3.3.1. Overall heat exposure of the population

Heat stress is measured using the Wet Bulb Globe Temperature
(WBGT), one of the most widely used indices for assessing heat expo-
sure that considers temperature, humidity, solar radiation, and wind

of data sources.

effects (Li et al., 2020):

WBGT = 0.7T,,,, + 0.2T, + 0.1, )}

where T, represents the dry bulb temperature, T, the natural wet bulb
temperature in the natural environment of wind and sun, and T, the
globe temperature, estimated based on solar shortwave radiation and
the terrestrial longwave radiation obtained from ERA5-Land data.

We calculate the WBGT values at 3-hour intervals throughout the
year 2019 and assigned to each spatial unit in our study area, using the
Liljegren method (Lemke & Kjellstrom, 2012). To evaluate heat stress
level, we adopt the hazard ranking for outdoor heat stress levels of daily
living proposed by the Japanese Society of Biometeorology (Kikumoto
et al., 2016). This ranking categorizes WBGT levels into five risk levels:
Danger (WBGT > 31.0), Severe warning (28.0 < WBGT < 31.0),
Warning (25.0 < WBGT < 28.0), Caution (21.0 < WBGT < 25.0), and
Safe (WBGT < 21.0).

In this study, we specifically define “heat stress” as the WBGT levels
within the categories of “Danger” and “Severe Warning”, allowing us to
effectively identify critical spatiotemporal heat stress exposure hotspots
across India. The spatial distribution of maximum WBGT indicates that
most regions across India reach the “Severe Warning” level, while some
eastern areas experience conditions at the “Danger” level (Fig. 2, left).

Subsequently, we perform detailed analyses of heat stress intensity
and continuity of India in year 2019 at different temporal resolutions.
The maximum WBGT values in monthly level and 3-hour-interval level
are calculated at the geohash level to represent areas of peak heat ex-
posure intensity. Recognizing that prolonged heat stress poses severe
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Fig. 3. Research framework.

threats to human health and urban infrastructure, we further quantify
heat exposure continuity. Specifically, we calculate the duration
during which each geohash unit continuously experiences “heat stress”
risk. This measure highlights areas susceptible to persistent extreme
heat conditions over extended periods.

3.3.2. Socioeconomic disparities in heat exposure

We explore socioeconomic disparities in heat exposure by integrat-
ing the Wet Bulb Globe Temperature (WBGT) index, Relative Wealth
Index (RWI) data, dynamic population density, and mobility datasets.
Our analysis is structured into three perspectives: static, semi-static,
and dynamic.

First, we adopt a static perspective by analyzing the correlation
between WBGT and RWI values at the Geohash-5 resolution across
monthly and 3-hourly intervals. This analysis is conducted at four
scales introduced in Section 3.1 to account for spatial heterogeneity
and reduce analytical bias.

Scientific basis and scope of the exploratory intra-urban anal-
ysis. Because the city-level WBGT-RWI analysis is intended only as
an exploratory assessment, it is important to clarify its scientific basis
and representational limits. ERA5-Land provides spatially continuous
meteorological fields at a horizontal resolution of approximately 9
km, which is not sufficient to resolve neighborhood-scale urban mi-
croclimatic variability. In particular, it cannot capture fine-scale pro-
cesses such as street-canyon shading, building morphology, localized
ventilation, or small-area land-cover heterogeneity. Accordingly, the
intra-urban analysis presented in this study is not intended to identify
neighborhood-scale heat inequity or micro-scale thermal contrasts.

At the same time, ERA5-Land-derived WBGT may still provide a
limited basis for exploring broad intra-city gradients in very large urban
regions. WBGT is derived from near-surface meteorological conditions,
including air temperature, humidity, and radiation-related variables,
and therefore reflects large-scale land-atmosphere conditions that may
vary across metropolitan space. At this coarse resolution, the dataset

may partially represent broad differences associated with built-up ex-
tent, vegetation scarcity, impervious surface dominance, and regional
surface energy balance, as well as the contrast between denser ur-
banized zones and surrounding peri-urban areas. These influences are
represented only in an aggregated sense and should not be interpreted
as direct measures of pedestrian-scale thermal environments.

This distinction is particularly relevant in the Indian context, where
several metropolitan regions are spatially extensive. In such cases,
multiple ERA5-Land grid cells can span different parts of a metropoli-
tan area and thus may capture coarse intra-metropolitan environmen-
tal gradients, even though they remain too coarse for neighborhood-
scale inference. For this reason, we interpret the city-level WBGT-RWI
analysis as an exploratory assessment of broad intra-city or intra-
metropolitan patterns rather than a definitive analysis of intra-urban
microclimatic inequality.

However, static residential-based analyses alone fail to capture the
heat exposure individuals encounter through daily mobility. To address
this, we incorporate dynamic population density data to assess varia-
tions in heat stress (WBGT ‘“Danger” or “Severe Warning”) exposure
of users conducting activities in units of differing RWI levels during
noon hours (12:00-15:00) throughout 2019. Although individual-level
socioeconomic status is unavailable, we use the RWI of the location
where users are active as a proxy for daytime work environment
quality, assuming that higher RWI units are associated with better
infrastructure and thermal protection, such as more access to cooling
facilities and green spaces. This constitutes our semi-static perspective,
revealing disparities in heat stress experienced across activity spaces.

Finally, we introduce an origin-destination (OD) matrix to capture
the dynamic perspective of heat exposure. This allows us to compare
the composition of trips made under heat stress (WBGT “Danger”
or “Severe Warning”) across RWI groups in the context of full daily
mobility. Each trip is categorized by the RWI level of its origin unit,
and WBGT values at the destination are used to determine exposure
risk. This enable us to analysis how heat exposure is dynamically
experienced by different socioeconomic groups during transit.
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3.3.3. Travel patterns disparity under heat stress

Heat stress experienced by people across different socioeconomic
groups in India may influence their mobility behavior. In particular,
residents from varying wealth groups might actively or passively ad-
just their travel patterns in response to extreme heat. For instance,
high-income individuals may have greater flexibility in their sched-
ules or access to climate-controlled transportation and workplaces,
enabling them to avoid exposure during peak heat periods. In contrast,
lower-income populations might lack such flexibility, forcing them to
maintain mobility even under high heat stress conditions.

To quantify these behavior adaptations and disparities, we analyze
human mobility patterns through two key dimensions:

People Activeness (number of trips)
We first examine the correlation between mean WBGT levels and the
number of trips conducted by different socioeconomic groups (RWI
level) during midday periods (12:00-15:00), when heat exposure typi-
cally peaks. This analysis is performed at the national scale to initially
understand general patterns of travel activeness under heat stress. We
further explore how these behavioral responses vary temporally and
spatially. Specifically, we compare differences in midday trip volumes
across socioeconomic groups during hot seasons (May-August) versus
cold seasons (December-February) at the geohash spatial unit scale.
Additionally, we analyze variations in trip proportions across different
hourly intervals throughout the day, identifying whether socioeco-
nomic status influences adjustments in daily travel timing in response
to heat exposure.

People Mobility (distance of trips)
To understand how extreme heat conditions impact travel distances,
we further analyze the relationship between WBGT levels and the av-
erage trip distance across socioeconomic groups. Specifically, we assess
whether elevated heat stress conditions lead to shortened travel dis-
tances as an adaptive behavior, and examine if these adaptive responses
vary significantly among different wealth groups.

4. Results
4.1. Overall trend of heat exposure

4.1.1. Heat stress exposure intensity

The intensity of heat stress across India is displayed by visualizing
monthly and 3-hour-interval maximum WBGT values at the geohash
level (Fig. 4). The results suggest that India experiences the most
severe heat stress from May to June, particularly during midday hours
(12:00-15:00). Spatially, northern India experiences longer periods
of heat stress from June to September, whereas southern India faces
shorter heat-stress periods from April to July.

4.1.2. Heat stress exposure continuity

Fig. 5 (top) illustrates the annual frequency (total number of days)
of heat stress exposure across India (a and c), along with the temporal
distribution of affected areas (geohash count) under different WBGT
levels (b). Eastern coastal regions experience notably longer durations
of heat stress annually compared to the western regions, with certain
areas such as Kolkata enduring heat stress conditions for up to 140 days
per year. Temporally, the majority of heat-stress days occur between
April and September, peaking in July.

Hourly variations within a day are further depicted in Fig. 5 (bot-
tom), revealing spatial-temporal patterns of heat stress. Consistent with
annual observations, hourly patterns also exhibit higher heat stress
continuity in northeastern regions and lower continuity in southwest-
ern regions. Between May and September, northeastern metropolitan
area—including New Delhi, Lucknow, Patna, and Kolkata-face pro-
longed daily heat stress durations of over 18 h, with peak continuity
observed in June. In contrast, southwestern and central regions gen-
erally experience shorter daily durations of heat stress (typically less
than 6 h), predominantly concentrated around midday hours, except
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in major urban centers like Ahmedabad, Vadodara, Surat, and Mumbai,
which show moderate heat-stress durations.

Overall, India’s heat exposure is characterized by high and pro-
longed temperature extremes, particularly in densely populated north-
eastern metropolitan areas.

4.2. Socioeconomic disparities of heat exposure

4.2.1. Static perspective

Fig. 6 illustrates the correlation between the RWI and WBGT across
four spatial scales, highlighting how analytical scope influences the
robustness and interpretation of findings. At the national scale, both
monthly and hourly maximum WBGT show weak but significant pos-
itive correlations with RWI. Given that lower RWI values typically
correspond to rural areas and higher values to urbanized regions, this
pattern suggests that urban areas face greater heat stress (Feng et al.,
2023; Gao et al., 2024; Li et al., 2025).

However, when the analysis is restricted to the populated-area scale
(areas with active users), a different trend emerges: during the hot
season (May-October), RWI exhibits a weak negative correlation with
maximum WBGT. This indicates that, at a broad population scale,
lower-income areas may be associated with slightly higher extreme heat
exposure, although the effect size is small. The magnitude of these cor-
relations remains small, suggesting that socioeconomic factors explain
only a limited portion of WBGT variability, with other environmental
and urban characteristics also playing important roles.

At the metropolitan-region scale, the association between lower
RWI and higher WBGT becomes somewhat stronger, with pooled cor-
relation coefficients around r ~ 0.3 (Fig. 6(3)). Although statistically
significant, this represents a modest relationship. Because this analysis
aggregates data across diverse metropolitan regions with different cli-
mates, urban forms, and development levels, the observed correlation
reflects large-scale gradients rather than uniform intra-urban patterns.
These findings are therefore indicative of broad socio-environmental
tendencies, consistent with previous studies reporting associations be-
tween socioeconomic disadvantage and heat exposure (Hsu et al., 2021;
Li, Yigitcanlar et al., 2024), but do not imply that income alone is a
dominant determinant.

Given the limited resolution of the WBGT data, we further examined
the correlation between RWI and yearly maximum WBGT at the indi-
vidual city scale as an exploratory assessment of coarse spatial gradients
within large metropolitan areas. Results show substantial heterogene-
ity: most cities exhibit weak or statistically insignificant correlations,
and the direction of association varies across locations, with a few
southern cities (e.g., Visakhapatnam and Bengaluru) showing signifi-
cant relationships. This variability suggests that socioeconomic thermal
relationships are not uniform within Indian cities (Chakraborty, 2024).
However, it should be noted that both the magnitude and spatial
structure of these associations are influenced by data limitations. The
coarse spatial representation of both RWI and WBGT restricts the de-
tection of neighborhood-scale contrasts, and ERA5-Land-derived WBGT
cannot resolve key urban microclimatic processes such as shading,
building density, or street-level ventilation. As a result, these city-scale
correlations should be interpreted cautiously as exploratory indicators
of broad center-to-periphery gradients, rather than robust evidence of
neighborhood-scale inequality.

Overall, the multi-scale analysis suggests that heat exposure pat-
terns in India arise from the interaction of climatic, environmental,
and socioeconomic processes. While modest RWI-WBGT associations
are observable at aggregated population and metropolitan scales, these
relationships are not consistently expressed within individual cities,
highlighting the heterogeneous and multifactorial nature of urban heat
exposure.
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Fig. 4. Heat stress exposure intensity in India (2019).

4.2.2. Semi-static perspective

Fig. 7 and Table 1 present the proportion of users exposed to
extreme heat stress (WBGT “Danger” or above) over time across dif-
ferent socioeconomic units and spatial scales. Exposure rates peak in
June, affecting nearly 70% of users in populated areas, and over 80%
within metropolitan areas-highlighting substantial population vulnera-
bility during the hottest periods.

Independent sample t-tests confirm that users active in high-RWI
units experience significantly less heat stress exposure than those in
other socioeconomic units. However, exposure differences among low,
mid, and mid-high RWI categories are not statistically significant.
This suggests that the relationship between heat stress exposure and
socioeconomic status is nonlinear: only the wealthiest environments
appear to offer substantial protection. This threshold-like pattern aligns
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with previous studies, which indicate that the benefits of cooler micro-
climates are often concentrated in affluent neighborhoods (Hsu et al.,
2021; Li, Yigitcanlar et al., 2024).

4.2.3. Dynamic perspective
Fig. 8 explores socioeconomic disparities in heat stress exposure
(WBGT “Danger” or “Severe Warning”) specifically related to trip
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Fig. 5. Heat stress exposure continuity in India (2019).

activities. The results demonstrate that individuals from the High RWI
group undertake fewer trips under extreme heat conditions during hot
seasons, both at the national scale and in metropolitan areas.

However, similar to the pattern observed in the previous section,

this exposure rate does not decrease proportionally with increasing RWI
from the Low to Mid-High categories. In stead, the proportion of trips
under heat stress appears higher in the Mid and Mid-High RWI groups
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than in the Low RWI group. Furthermore, we observe a data gap for
the Low RWI group in metropolitan areas during the hot season. This
may suggest a potential reduction or limitation of trips due to severe
heat stress for low RWI users.

4.3. Travel pattern disparities under heat stress

People Activeness
Fig. 9 presents the correlation between mean WBGT levels and the
number of trips conducted by different socioeconomic (RWI) groups
during midday hours (12:00-15:00) across India. A positive corre-
lation between rising WBGT levels and increased trip frequency is
observed consistently across all four RWI groups, aligning with the

iors across different seasons. This pattern suggests that economically
disadvantaged populations face greater vulnerability in their travel
activities during periods of extreme heat. The ability to modify one’s
mobility behavior in response to heat is a privilege, and neighborhoods
with lower socioeconomic status are less able to enact behavioral
adjustments to avoid heat exposure (Stechemesser & Wenz, 2023).

Furthermore, the proportion of trips conducted in different hourly
intervals by socioeconomic groups reveals adaptive travel strategies
under heat stress conditions. Fig. 11 depicts that, during hot sea-
sons, individuals-particularly from lower-income groups-strategically
shift their travel to cooler early morning (6:00-9:00) and evening
(18:00-21:00) periods. This alternative time travel strategy is more pro-
nounced in lower-income groups (RWI level). This adaptive temporal
shift in mobility patterns is also prominent within metropolitan areas,
underscoring the socioeconomic differentiation in coping strategies
toward heat exposure.
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Fig. 6. (continued).

This differentiated activeness highlights a paradox in heat exposure
behaviors. On the one hand, residents from lower-income areas experi-
ence higher daily heat exposure, encouraging them to reduce activities
during peak heat periods. On the other hand, higher-income groups,
benefiting from greater accessibility to urban amenities, cooler public
spaces, and air-conditioned transportation, maintain more consistent
activity patterns that are less impacted by extreme heat.

People Mobility
Fig. 12 and Table 2 illustrate various in travel distances across dif-
ferent socioeconomic groups. The analysis reveals distinct differences
among RWI groups in their mobility patterns as the standard deviation
is relatively high across all groups. The Low RWI group generally

10

undertakes shorter average trip distances, reflecting daily necessities
such as shopping or daily commuting occurring within proximate areas.
However, the high standard deviation (14,717 m) within this group
suggests considerable variability, indicating that certain low-income
residents must travel long distances, likely to access essential services
like employment opportunities or healthcare facilities.

In contrast, high and mid-high RWI groups exhibit consistently
longer average trip distance, with a relatively lower standard devia-
tion (11,799 m). This indicates that residents from wealthier regions
tend to have more consistent mobility patterns, potentially benefiting
from better access to urban infrastructures in closer proximity to their
locations.
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(1) Area with Active Users in People Density Dataset
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Fig. 8. Proportion of trips facing heat stress by RWI level over time (2019).

Overall, travel distances tend to be slightly longer during hot sea- Table 2

sons compared to cold seasons. However, no clear relationship was Trip distance descriptive statistics by RWI levels.

identified between WBGT level and relative changes in travel distance Statistic Low RWI Mid RWI Mid-high RWI High RWI

among socioeconomic groups. The relative differences in average trip Count 99,377 332,550 456,979 475,543

distances across four RWI groups remained stable irrespective of sea- Mean 3834 3833 3982 3914

sonal variations or hourly periods (Fig. 12). These findings suggest that ﬁfn ;2’717 ;2’378 ;2’956 E’;gg

travel distance is largely decided by underlying mobility capabilities 250 971 1249 1483 1564

and socioeconomic constraints, and remains relatively unaffected by Median 1642 2006 2303 2423

changes in heat stress conditions. 75% 3124 3516 3852 3996
Max 1.43 x 10° 1.17 x 10 1.33x 100 1.41x 10°

5. Discussion
addressing a major research gap in climate-health and urban equity

This study proposes a systematic, multi-scale analysis of heat expo-
sure patterns across India in 2019, integrating high-resolution, dynamic
human mobility data. The findings provide new insights on how so-
cioeconomic disparities shape heat exposure in developing countries,
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studies.

Our analysis identifies clear spatial and temporal trends in extreme
heat across India, underscoring urgent public health challenges. The
hourly and monthly resolution enhance the understanding of short-term
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Average Travel Distance by RWI Level Users at Different Periods (Hot Time)
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Average Travel Distance by RWI Level Users at Different Periods (Cold Time)

1300 —e— RWI Level 1
RWI Level 2
—e— RWI Level 3

—e— RWI Level 4

1200

1100

1000

Average Distance/m
°

1
Hour range

Fig. 12. Average travel distance of trips by RWI groups during hot and cold time with 95% confidence interval.

fluctuations in heat exposure, allowing for more timely and spatially
precise policy interventions. This insights can support urban policymak-
ers and planners in designing proactive measures such as early warning
systems, medical preparedness, public awareness campaigns, cooling
centers, or adjustments to public service schedules during peak heat
hours (Hess et al., 2023).

A key contribution of this study lies in examining socioeconomic
indicators relate to heat exposure across multiple spatial and analytical
scales. At the aggregated population and metropolitan scales, lower-
income areas tend to be associated with slightly higher levels of heat
exposure, particularly within large urban regions. Although the corre-
lation coefficients are modest, their magnitude is comparable to those
reported in other socio-environmental exposure studies (Li, Wang et al.,
2024; Raj et al., 2025; Yin et al., 2023). Moreover, our analysis spans
metropolitan areas across diverse climatic zones, urban forms, and
development histories in India. Such heterogeneity may also reduce
pooled correlation strength compared with single-city case studies with
smaller samples.

Additionally, the magnitude and direction of RWI-WBGT relation-
ships vary across 21 metropolitan cities. While some cities display
negative associations and others positive, most city-level correlations
are weak or statistically insignificant. This inter-city variability is con-
sistent with emerging evidence from Global South cities suggesting that
socioeconomic gradients in heat hazard are highly context-dependent
and may differ from commonly observed U.S. patterns (Chakraborty,
2024). Similar heterogeneity has also been reported in comparative
analyses across cities such as Seoul and London (Raj et al., 2025),
indicating that relationships between socioeconomic level and heat
exposure depend on local development pathways, urban structure, and
environmental conditions (Raj et al., 2025; Yin et al., 2023).

However, given the coarse spatial resolution of both WBGT and
RWI, these results should be interpreted with caution. ERA5-Land
does not resolve urban microclimatic variability, and RWI has not
been validated as a neighborhood-scale socioeconomic indicator within
cities. Accordingly, these individual city analyses are intended as ex-
ploratory and hypothesis-generating, should not be interpreted as ev-
idence of neighborhood-scale heat inequality. Future research using
higher-resolution urban climate data, detailed building-scale informa-
tion, and validated intra-urban socioeconomic data will be essential to
more precisely assess heat exposure disparities within cities.

In India, several factors make urban populations particularly vul-
nerable to extreme heat: the prevalence of informal housing without
thermal insulation, limited public access to cooling infrastructure, ir-
regular electricity supply, and a large informal workforce engaged in
outdoor labor without schedule flexibility. Additionally, many low-
income neighborhoods lack sufficient green cover, water infrastructure,
or healthcare services, exacerbating the health risks posed by rising
temperatures. These challenges are compounded by rapid urbaniza-
tion and governance fragmentation, which often hinder the equitable
implementation of heat mitigation measures. Therefore, to address
these inequalities in India’s context, community-based strategies should
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be utilized, and the most vulnerable groups should be prioritized,
including slum dwellers, daily wage workers, and elderly populations
in high-density low-resource settings. Potential strategies include the
increase of green infrastructure (e.g., improvements in housing quality
and thermal insulation, enhanced public cooling facilities (Xiong & He,
2024), and parks, green roofs, and urban forests) (Probst et al., 2022).

Extending from the semi-static to the dynamic perspective, the
integration of human mobility data reveals that lower-income groups
face higher exposure during travel, while displaying more pronounced
changes in mobility patterns during heat events. At first glance, these
variations might appear adaptive—for instance, shifting travel to early-
morning or evening hours. However, our study does not capture trip
purpose or behavioral intent, and thus we refrain from categoriz-
ing these responses as definitive “adaptive strategies”. Instead, we
interpret them as potential indicators of constrained behavioral flex-
ibility, shaped by limited access to cooling infrastructure, inflexi-
ble work hours, or reduced transportation choices. This aligns with
Stechemesser and Wenz (2023), who argue that behavioral flexibility
is itself a form of privilege, and that neighborhoods with lower socioe-
conomic status are often less able to enact mobility-based adjustments
under heat stress.

While studies such as Tang et al. (2023) show that during short-term
extreme events like floods, mobility changes among different demo-
graphic groups can clearly function as coping or adaptive mechanisms,
heat exposure can instead be understood as chronic in terms of cu-
mulative exposure and structural vulnerability, even though individual
heatwave events themselves are acute. From this perspective, mobility
variability under heat may reflect longer-term structural constraints
rather than short-term adaptive responses.

Additionally, observed differences in trip distances across socioe-
conomic groups are likely driven by broader structural inequalities
in urban infrastructure, mobility resources, and service accessibility,
which indirectly influence individuals’ ability to avoid or mitigate
exposure to heat.

Interestingly, this creates an apparent paradox: despite urban cen-
ters typically exhibiting higher surface temperatures due to the urban
heat island effect, wealthier urban residents may experience lower
actual heat stress due to their greater financial capacity to mitigate heat
(e.g., through air conditioning and private transportation) (Wu et al.,
2024). Conversely, residents in low-income urban settlements or slum
areas adjacent to urban cores face compounded vulnerabilities, con-
fronting both the urban heat island effect and limited adaptive capaci-
ties. Future research should specifically target these vulnerable commu-
nities to accurately capture their lived heat exposure experiences and
develop targeted intervention measures.

While this study provides comprehensive analyses leveraging mo-
bility and environmental data, several limitations should be noted.

Firstly, the mobility data utilized in this study is derived from
mobile application logs and aggregated at the Geohash-5 level (Zhang
et al., 2024). Smartphone-based data may systematically underrepre-
sent certain demographic groups, such as elderly populations or very
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low-income individuals without access to smartphones (Tang et al.,
2023). Unfortunately, these underrepresented groups constitute a sig-
nificant and critical segment of the population in many developing
countries, and their exclusion may overlook critical vulnerabilities.
Future research should urgently address this challenge. Additionally,
population density (PD) data used in this study was not directly cali-
brated against official census data, which may also lead to bias in the
analysis. Moreover, the mobility dataset including PD and OD data are
aggregated at a relative large unit (geohash 5 unit) which limits its
application in a smaller scale analysis such as inner-city heat exposure
study. Future research could integrate multiple complementary data
sources, such as census-based demographic information and household
surveys, to validate and enhance the representativeness of mobile-based
mobility data. Additionally, methods such as spatial disaggregation
or microsimulation modeling could improve data coverage, especially
among underrepresented rural and low-income populations.

Second, while this study explores temporal and spatial patterns of
mobility under extreme heat, we acknowledge that the absence of trip
purpose data limits our ability to directly attribute such patterns to
coping or adaptation behaviors. Human mobility is influenced by a
variety of factors, such as work obligations, access to services, and
cultural or familial responsibilities, that may or may not be directly
responsive to temperature changes. Therefore, our findings should be
interpreted as possible behavioral constraints or responses to heat
stress, rather than definitive coping strategies. Future research that
incorporates trip purpose or occupational data will be essential to more
precisely characterize adaptive behaviors under extreme heat.

Third, our study relies on the RWI as a proxy for local socioeco-
nomic status, it carries inherent uncertainty. It is derived from machine
learning models based on non-traditional data sources such as satellite
imagery. These models may exhibit regional performance variation and
do not capture intra-neighborhood inequality. Accordingly, RWI is used
in this study as a coarse indicator of relative socioeconomic position
rather than a direct measure of income or wealth. To account for these
limitations, we adopted a quartile-based classification to mitigate this
uncertainty and performed multi-scale and multi-perspective analyses
to enhance robustness, and we interpret individual city analysis re-
sults as exploratory rather than confirmatory. Supplementary analyses
comparing RWI with DHS household wealth data further illustrate the
challenges of validating socioeconomic proxies at intra-urban scales in
India and support the exploratory interpretation adopted in this study
(Appendix).

Fourth, our environmental data source, ERA5-land, has limited
spatial resolution and cannot fully capture intra-urban microclimatic
variation and policy relevance. In addition, some geohash units classi-
fied as part of metropolitan areas may include mixed urban, peri-urban
land cover. We explicitly acknowledged this constraint and emphasized
our study’s macro-level focus. Nonetheless, future studies using higher-
resolution urban climate products, detailed land cover data, and refined
urban boundary definitions will be essential to more precisely evaluate
intra-urban socioeconomic disparities in heat exposure.

Despite these limitations, we believe this study provides a scalable
methodological framework for exploring heat exposure patterns using
accessible mobility data and open datasets, especially within develop-
ing country contexts where high-quality big data remains limited, thus
representing a valuable contribution to urban planning and climate
adaptation research globally.

6. Conclusion

This study develops a novel multi-scale and multi-perspective frame-
work for assessing socioeconomic disparities in heat exposure by inte-
grating temperature, human mobility, and socioeconomic data. Using
India as the case study, we combined multi-source datasets at a fine
spatiotemporal resolution (geohash-5 level and 3-hour intervals for
2019).
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Our findings reveal clear spatiotemporal patterns of heat exposure
and suggest that socioeconomic conditions are associated with differ-
ences in exposure, particularly across densely populated metropolitan
regions. By quantifying disparities from static, semi-static, and dynamic
perspectives, we examined how heat stress influences human mobility
patterns among different socioeconomic groups. The key conclusions
are as follows:

(1) Lower-income communities tend to experience slightly higher
and more persistent heat stress at aggregated population and
metropolitan scales, although the strength of these associations
is modest and varies across cities.

In addition to higher static exposure, lower-income groups also
encounter greater heat stress during daily trips, suggesting con-
strained behavioral flexibility in avoiding heat due to infrastruc-
tural or economic limitations.

Temporal shifts in trip patterns (e.g., toward cooler hours) were
observed among low-income populations; however, without trip
purpose data, such behaviors cannot be definitively interpreted
as adaptive strategies.

Differences in trip distances reflect underlying structural in-
equalities, with lower-income groups tend to make shorter, more
variable trips, while higher-income groups maintain longer and
more stable travel patterns.

Despite limitations in proxy indicators such as the Relative
Wealth Index (RWI), the proposed framework offers a transfer-
able approach for assessing climate vulnerability and mobility
equity in developing regions with limited data accessibility. This
methodology can inform future diagnostic efforts and support
inclusive urban planning.
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Appendix. Validation of the relative wealth index using DHS
household data

To address concerns regarding whether the Relative Wealth Index
(RWI) captures income or wealth distributions at intra-urban scales
in India, we conducted supplementary analyses using household-level
socioeconomic data from the National Family Health Survey (NFHS-5,
2019-2021), provided through the Demographic and Health Surveys
(DHS) Program. These analyses assess the extent to which gridded
RWI values correspond to independently collected household wealth
indicators within selected large metropolitan areas.
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Fig. 13. Spatial distribution of DHS household samples and RWI grids within selected metropolitan areas.
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Fig. 14. Intra-urban correlations between DHS household wealth index and RWI within Delhi, Bengaluru, and Visakhapatnam.

The DHS provides nationally representative household survey data,
including a standardized wealth index constructed from asset owner-
ship, housing characteristics, and access to basic services. Unlike RWI,
which offers near-complete spatial coverage at a gridded resolution
across India, DHS data consist of sampled household clusters repre-
sented as point locations, with spatial displacement applied for privacy
protection.

We focus on three large metropolitan cities with relatively dense
DHS urban samples: Delhi (N = 8405 households), Bengaluru (N =
340 households), and Visakhapatnam (N = 732 households). To en-
able spatial comparison with RWI, DHS household observations were
aggregated to a 250 m grid, and correlations were computed between
mean DHS wealth index values and corresponding RWI values at the
grid level. At the national scale, correlations were calculated using
all available urban DHS samples. At the city scale, correlations were
examined separately within each metropolitan area.

To illustrate spatial coverage, DHS household points and RWI grids
were jointly visualized within administrative city boundaries. As shown
in Fig. 13, DHS sampling is spatially uneven and does not cover all grid
cells within cities; consequently, city-level analyses rely on a limited
number of grid cells containing DHS observations.

At the national scale, DHS wealth index values and RWI exhibit a
moderate positive correlation (r ~ 0.59), indicating that RWI captures
broad socioeconomic gradients across India. This finding is consistent
with the intended design of RWI as a large-scale proxy for relative
socioeconomic position. However, at the intra-urban scale, correlations
between DHS wealth and RWI are weak and statistically unstable across
the three cities examined (Fig. 14). City-level correlation coefficients
range from small positive to small negative values, with no consistent
direction or statistical significance. This variability reflects both the
limited and uneven spatial coverage of DHS sampling within cities and
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the coarse resolution of gridded RWI relative to neighborhood-scale
socioeconomic heterogeneity.

During the preparation of this manuscript, the author(s) used Chat-
GPT to assist with language editing and text refinement. After using this
tool, the author(s) carefully reviewed and edited the content as neces-
sary and take full responsibility for the final content of the published
article.

Data availability

The datasets used in this study are publicly available or accessible
upon request:

1. Human mobility data were provided by Cuebiq and the World
Bank as part of the NetMob 2024 Data Challenge. Access requires
registration and approval for academic use.

2. Temperature data were obtained from the ERA5-Land reanalysis
dataset provided by the Copernicus Climate Data Store, available at:
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-land

3. Relative Wealth Index (RWI) data were provided by Meta’s Data
for Good program and are available at: https://dataforgood.facebook.
com/dfg/tools/relative-wealth-index

4. Household-level socioeconomic data used for supplementary
analyses were obtained from the National Family Health Survey (NFHS-
5, 2019-2021) through the Demographic and Health Surveys (DHS)
Program. These data are available free of charge for academic research
upon registration and approval by the DHS Program and are subject
to the DHS Terms of Use. The data cannot be publicly redistributed
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https://dataforgood.facebook.com/dfg/tools/relative-wealth-index

J. Ma et al.

and must be accessed directly from the DHS Program website (https:
//dhsprogram.com).

All data were used in accordance with the terms and conditions of the
respective data providers.
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