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Abstract

Sustainable Development Goal 7 aims to ensure access to clean and affordable energy for all. India
has implemented large-scale policies to improve access to clean fuels (CFs) such as liquefied petro-
leum gas. However, the impacts of such policies on public health outcomes have been understud-
ied. This study utilized data from India’s National Family Health Surveys (NFHSs) conducted in
2016 and 2021 to evaluate the associations between changes in the prevalence of non-CF (non-CF)
usage, driven by India’s clean energy policies, and hypertension, a significant cardiovascular disease
risk factor, on a national level. Specifically, a precision-weighted method that accounts for survey
design and sampling variability was implemented to estimate the prevalence of hypertension and

a wide range of socio-economic (SES) factors for the years 2010-2015 (NFHS-4) and 2015-2020
(NFHS-5) at the district level for the 2019/20 NFHS-5. Associations between the change in solid-
fuel use, also termed as non-CF at the district level between 2015-2020 and 2010-2015, and the
change in the prevalence of hypertension after controlling for various SES were investigated using
regression analyzes. A significant decrease in hypertension prevalence: 0.41% (95% CI: 0.07%,
0.75%) was associated with a 10% point decrease in the prevalence of non-CF use at the district
level. Subpopulation-specific analyzes revealed substantial variation in associations by gender,
region, urban/rural designation, socioeconomic groups, and age. Specifically, these associations
were highest among older populations and residents of North India.

© 2025 The Author(s). Published by IOP Publishing Ltd
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1. Introduction

Cardiovascular disease (CVD), primarily ischemic heart disease and stroke, is a leading cause of death
and disability worldwide (Mensah et al 2019, Vaduganathan et al 2022). India alone accounts for one-
fifth of all CVD-related deaths. The Global Burden of Disease estimates that the age-standardized CVD
death rate is 314 (95% CI: 265-362) per 100 000 people in India, whereas the global average is 240
(95% CI: 221-255) per 100 000 people (WHO 2016). CVD is diagnosed in Indian individuals at least a
decade earlier than in Western populations; 52% of CVD-related deaths in India occur before 70 years of
age, compared with 23% in developed economies (Joshi et al 2007, Prabhakaran et al 2016). Risk factors
for CVD include environmental exposures, like household air pollution; pre-existing conditions, like dia-
betes; and socioeconomic indicators and lifestyle factors, including an appropriate diet, physical inactiv-
ity, smoking, and/or tobacco chewing (Roth ef al 2020).

Household air pollution (HAP) from the use of solid fuels is a risk factor for CVD morbidity and
mortality (Smith 2002, Al-Kindi et al 2020). India has undertaken large-scale government policies
towards universal electrification (e.g. the Saubhagya scheme, announced in 2017) and clean-cooking
access (Pradhan Mantri Ujjwala Yojana (PMUY), announced in 2016) to address the HAP burden
(Goldemberg et al 2018). For both policies, tremendous improvements in access to cleaner technologies
have occurred: Saubhagya electrified 214 million homes (Gol 2024), and PMUY enabled approximately
90 million households to access liquefied petroleum gas (LPG) at a reduced cost (Gol 2024). Previous
modeling suggests that India’s clean fuel (CF) policies may yield improved birth weight and blood pres-
sure and reduce pneumonia (Rosenthal et al 2018, Steenland et al 2018). However, little empirical evid-
ence exists on the scale of exposure reductions that have occurred or on subsequent health benefits of
these policies.

This research uses publicly available data from repeated National Family Health Survey (NFHS)
datasets to assess associations between the change in the prevalence of CF use spurred by clean energy
policies in India and cardiovascular risk factors. A precision-weighted methodology that accounts for
NEFHS survey design and sampling variability was used to estimate the prevalence of an important CVD
risk factor: hypertension, and a wide range of socioeconomic status (SES) factors for 2010-2015 and
2015-2020 at the district level. The change in the prevalence of solid, non-CFs (non-CFs) at the dis-
trict level between 2015-2021 and 2010-2015 was then estimated. We hypothesize differences in LPG use
at the district level due to differences in fuel affordability, policy implementation, and cooking practices.
The associations between the change in the prevalence of non-CF use and the change in the prevalence
of hypertension were evaluated. Separately, the change in the district-level prevalence of LPG alone on
hypertension is reported, as enabling the transition to LPG is a key aim of PMUY.

2. Methods and materials

2.1. NFHS data

The NFHS-4 survey conducted between January 2015 and November 2016 (NFHS 2017) and the NFHS-
5 survey conducted between June 2019 and April 2021 (NFHS 2021) were used. NFHS are nationally
representative household sample surveys measuring indicators of SES, demographics, health, and nutri-
tion, with special emphasis on maternal and child health. They have a two-stage design, in which some
clusters (villages in rural areas and census enumeration blocks in urban areas) are first selected from
each district (640 districts at the time of the 2011 census for NFHS-4; 707 districts as of 2017 for NFHS-
5), and then 25-30 households are selected by equal probability systematic sampling in each of the selec-
ted clusters, and women of reproductive age (15-49 years) and men (15-54 years) are then selected from
those households for in-depth surveys.

The eligibility criteria used were: 1) Information on geographic coordinates for each cluster was
present, 2) Individuals had lived in the same residence for at least five years at the time of the interview,
and 3) Women were not pregnant during the interview. Overall, we had 683 105 individuals (542 590
(84.1%) women and 102 262 (15.9%) men) interviewed as part of the NFHS-4, and 644 852 individu-
als (587 054 (85.9%) women and 96 051 (14.1%) men) as part of NFHS-5. Individuals with missing
information were excluded when evaluating district-level proportions for each variable from the above
cohorts. The number and proportion of missing data for each variable considered are listed in table S1.1.
Opverall, we observe that <10% of the data is missing for all the main variables considered; only occupa-
tion had >50% of data missing for the NFHS-4 and 5 cohorts.
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2.1.1. Hypertension outcome
Blood pressure was measured for participants using an OMRON Blood Pressure monitor as part of
the NFHS. Blood pressure readings were taken on three separate occasions with an interval of 5 min
between readings by trained health technicians (IIPS 2017, Sciences 2020). The mean of the second and
third measurements was used to record systolic and diastolic blood pressure. Hypertension was defined
based on the cut-offs provided by the Seventh Report of the Joint National Committee on Prevention,
Detection, Evaluation, and Treatment of High Blood Pressure (JNC7) Guideline 2003. Specifically, an
individual was categorized as having hypertension if their systolic blood pressure was >140 mm Hg or
diastolic blood pressure was >90 mm Hg (Chobanian et al 2003). In a sensitivity analysis, we defined
an individual as hypertensive if their systolic blood pressure was >140 mm Hg or diastolic blood pres-
sure was >90 mm Hg or if they reported in the survey using antihypertensive medication.
Supplementary health outcomes, diabetes, and heart disease, which include self-reported information,
are defined in section S2 in supplementary information. As there are significant socioeconomic inequalit-
ies in awareness, treatment, and control of diseases among adults in India, which could bias results when
using outcomes that incorporate self-reported information (Maiti et al 2023), we evaluate these outcomes
in secondary analyzes alone.

2.1.2. CF use

Individuals were categorized as CF-users if they reported using electricity, LPG, or natural gas/biogas;
and not-CF-users if they responded they used coal, charcoal, wood, kerosene, straw/shrubs/grass, agri-
cultural crop or animal dung as their primary cooking fuel (Pope et al 2017, 2021). This study separately
considers the adoption of LPG alone, as it is the focus of the PMUY program.

2.1.3. Covariates

In district-level analyzes, the following covariates were used: the prevalence of individuals in the lowest
wealth quintile (poor individuals), the prevalence of individuals with no formal education, the preval-
ence of obese (BMI > 30 kg m~2) individuals, the prevalence of smokers, the prevalence of individuals
who drink alcohol, the prevalence of non-vegetarians, the prevalence of households with improved san-
itation (if the household has access to water pipes into dwelling, yard, or plot, public tap or standpipe,
tube well or borehole, protected well or spring, rainwater, and bottled water), the prevalence of indi-
viduals belonging to different job-categories: manual, agricultural, professional, services, sales, clerical,
not-working, and the prevalence of scheduled castes (SCs), scheduled tribes (STs) and other backward
classes (OBCs), the prevalence of Muslims. SCs, STs, and OBCs are officially designated groups of people
among the most socioeconomically disadvantaged in India (deSouza et al 2023).

2.2. Ambient PM, 5 exposure

Because India lacks a dense network of surface PM; ;5 monitoring sites, this study relied on satellite-
derived annual averaged PM, 5 estimates (Hammer et al 2020), which have been well-validated and
widely used (Boing et al 2022, deSouza et al 2022a, 2022b).

Specifically, satellite aerosol optical depths (AODs) were combined from multiple satellite products:
MISR, MODIS Dark Target, MODIS and SeaWiFS Deep Blue, and MODIS MAIAC, with simulation-
based results based on their relative uncertainties. These AODs were related to near-surface monthly
PM, 5 concentrations at a 0.01° x 0.01° (~1 km x 1 km at the equator) resolution over the globe using
the ratio of simulated AOD and PM, 5 from the GEOS-Chem model. On an annual scale, the PM, 5
estimates are highly consistent with globally distributed ground monitors (R* = 0.90-0.92). To main-
tain the privacy of respondents, NFHS randomly displaces the location of each cluster by a maximum of
5 km from the true location for rural areas and 2 km in urban areas, with a further 5% of all clusters
displaced by 10 km. Thus, mean PM,; 5 levels in the 2 km/5 km buffer were assigned to urban and rural
clusters, respectively.

2.3. Statistical models

2.3.1. Deriving district-level estimates

Precision-weighted predicted probabilities of the health outcomes, exposure, and covariates were derived
at the district level from individual and household-level data using four-level multilevel models. As there
are differences in the districts used in the NFHS-4 and NFHS-5, the prevalence of each outcome and
SES variable was estimated using the 707 districts defined in the NFHS-5 survey. NFHS-4 clusters were
mapped onto NFHS-5 districts based on the NFHS-5 district in which the center point of each NFHS-4
cluster fell.
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The four levels of geographic units are individuals (or households) at level 1 (i), clusters at level 2
(j), districts at level 3 (k), and states at level 4 (1). The model is presented below:

logit(NFHS Variableijkl) = v + tgjrr + Vor + for (1)

where « is the constant, and represents the median log odds of each covariate across all of India;
Uojkl> Voki» and fo; are the residuals at the cluster, district, and state levels, respectively. The residuals are
assumed to be normally distributed with a mean of 0 and a variance of ¢2), 02, and szo, respectively.
These variance terms can be interpreted as within-district between-cluster variation (c?,), within-state
between-district variation (o)), and between-state variation (o3).

From the model described in equation (1), the district-specific logit values were converted to probab-
ilities: exp (aw + vor + for) / (1 + exp (cwo + vor + for) ).

The Ime4 package in R (Bates et al 2009) was used to evaluate these probabilities for every NFHS-
5 district for the periods: 2016-2017 and 2019-2021. Small pairwise correlations between all potential
confounding variables, the exposure, and the outcome were observed (figure S4.1). Estimates of district-
level prevalences of all variables were also derived for individuals disaggregated by sex, age category
(15-19, 20-29, 30-39, 40-49, 50-54 yrs), caste (SC, ST, OBC, Other), and urban/rural designation.

2.3.2. District-level regression models
Associations between the changes in the prevalence of non-CF use between NFHS-4 and NFHS-5 surveys
and the differences in the prevalence of the health outcomes at the district level were estimated using:

AOutcomegigrice = Bo + 1 X ANonCF use gistrict

+ Y Beovariate X Acovariatesgiict + 2 X APM, 5 + error (2)

covariates

where () represents the association of interest between the change in prevalence of non-CF use and the
change in prevalence of the health outcome (hypertension in the main analysis). Because of the poten-
tial for a lack of statistical independence between districts in the same state, clustered standard errors by
state were estimated for all models. We report associations as the percentage change in hypertension for
a 10% point increase in non-CF use.

The robustness of the associations to the inclusion of different covariates was evaluated by including
different sets of covariates in a stepwise manner. The regression model represented in equation (2) was
rerun using district-level population weights. The assumption of linearity in the relationship between
the A use of non-CF and the health outcomes considered was relaxed using generalized additive models
(GAMs; for more details, refer to section S2).

The regression model represented in equation (2) was rerun using the prevalence of health out-
comes for different subpopulations (disaggregated by gender, urban/rural, caste, and age group) to eval-
uate associations between district-level A non-CF use and A subpopulation-specific health outcomes
using the fully adjusted model specification. To assess region-specific associations, the A non-CF use
was interacted with a dummy variable for region: North (comprising of the states, Jammu & Kashmir,
Ladakh, Himachal Pradesh, Punjab, Chandigarh, Uttarkahand, Haryana, Rajasthan, Delhi), Central
(comprising of the states, Uttar Pradesh, Odisha, Chhattisgarh, Madhya Pradesh), East (comprising
of the states, Bihar, West Bengal, Jharkhand), West (comprising of the states, Gujarat, Maharashtra,
Goa), South (comprising of the states, Andhra Pradesh, Karnataka, Lakshadweep, Kerala, Tamil Nadu,
Puducherry, Andaman and Nicobar Islands, Telangana), and North-East (comprising of the states,
Sikkim, Arunachal Pradesh, Nagaland, Manipur, Mizoram, Tripura, Meghalaya, Assam). We conducted
these subpopulation-specific analyzes since the literature on the cooking energy transition has shown
that the uptake of clean cooking fuels and the choice of cooking fuels at the household level depend
on the complex interplay among economic, social, demographic, and institutional factors and that the
health benefits are likely, not uniform (Roy 2024).

In the main subpopulation analysis, we chose to use district-level A non-CF use as the key exposure
of interest, as it is likely that a net change in area-level solid fuel use will impact the air pollution and
thus the health of everyone in a given district. However, in supplementary analyzes, regression models
were run using the district-level prevalence of subpopulation-specific health outcomes, exposure, and
covariate information, and subpopulation-specific associations were also reported.

Cross-sectional regressions for each of the NFHS-4 and 5 time periods were also run to assess time
period-specific associations between the prevalence of non-CF use and hypertension. Finally, this study
also reports associations between the absence/presence of solid fuels and hypertension from individual-
level analyzes using data from the NFHS-4 and 5 surveys, respectively (for more details, refer to section
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S3). As it is impossible to know if the same individuals were interviewed in the NFHS-4 and 5 surveys,
we could not evaluate associations between the change in solid fuel use spurred by the CF transition and
the health outcomes considered using the individual-level analysis.

CF Use and Ambient Air Pollution

Associations between district-level A non-CF use and ambient air pollution were also investigated.
Specifically, the association between district-specific A non-CF and the change in mean district-level
ambient PM, 5 between 2010-2015 and 2015-2020 was evaluated using an unadjusted model, and then
via an adjusted model using the covariates listed.

All statistical analyzes were performed using R 4.2.0 (Team et al 2013). p-values were two-sided with
a significance threshold of 0.05.

3. Results

Descriptive statistics of district-level prevalence in hypertension, exposure, and covariates in 2016
(NFHS-4) and 2021 (NFHS-5) are displayed in table 1. The prevalence (expressed as a %) of residents
with hypertension increased between 2016 and 2021 from 11.3% to 11.8%. Hypertension is highest in
clusters in South, North, and North-East India (figure 1). non-CF use was highest in poorer areas in
Central and North-East India. The mean prevalence of non-CF use decreased from 64.7% to 46.1%
between 2016 and 2021. There was a decrease in the prevalence of non-CF use in almost every dis-
trict between the two time periods, suggesting that individuals are transitioning away from solid fuels
(figure 1). This transition may have been spurred by India’s clean energy policies. Non-CF use appears
to decrease most in areas that did not have the highest baseline non-CF use in South India, particularly
in the state of Karnataka. The district-level prevalence of LPG use increased from an average percentage
of 33.5% in 2016 to 51.9% in 2021. Maps of the district-level prevalence of LPG for 2016 and 2021 are
displayed in figure S4.2. The changes in LPG use correspond closely to the changes in non-CF use.

Figure 2 shows the difference in the prevalence of covariates (poverty levels, obesity, smoking status,
education levels, diet (vegetarian/nonvegetarian), sanitation, caste/tribal status, and religion. Figure S4.3
presents the prevalence of each covariate in 2016 and 2021; we note stable distributions of covariates
over time. Individuals in Central India had the highest prevalence of being in the lowest wealth quintile,
having the least formal education, and actively smoking tobacco. The highest prevalence of obese indi-
viduals is in South India; prevalence increased from 18.5% to 22.9% overall between 2016 and 2021. The
prevalence of households with improved sanitation was highest in Central India.

The prevalence of individuals in different occupations in 2016 and 2021 and the difference in preval-
ence between the two time periods are displayed in figures S4.4-5. The most striking patterns observed
are the increase in the prevalence of manual laborers and professional workers in South India, the
increase in unemployed workers in Central India, and the increase in the number of service industry
workers in North-East India between 2016 and 2021.

We observed a 0.41% (95% CI: 0.07%, 0.75%) decrease in the prevalence (expressed as a percent-
age) of district-level hypertension for every 10% point decrease in the prevalence of non-CF use in fully-
adjusted regression models (table 2). Results from population-weighted regression analyzes yielded sim-
ilar results (table S1.2). An increase in the prevalence of LPG use by 10% points in a district was signi-
ficantly associated with a decrease in the prevalence of hypertension corresponding to: —0.41% (95% CIL:
—0.75%, —0.07%) (table S1.3).

The sensitivity of the association between the change in the prevalence of district-level hypertension
and the change in the prevalence of non-CF use to the inclusion of covariates was evaluated by evalu-
ating changes in the association observed in unadjusted, partially adjusted, and fully adjusted models
(table S1.2). In unadjusted models, a 10% point decrease in the prevalence of non-CF use was associ-
ated with an increase of 0.22% (95% CI: —0.21%, 0.65%) in the prevalence of hypertension (table S1.2).
When controlling for the prevalence of key risk factors of hypertension and SES (obesity, smoking, alco-
hol consumption, non-vegetarian lifestyle, education status, and access to improved sanitation), the asso-
ciation observed was 0.45% (95% CI: 0.00%, 0.89%), suggesting that the association observed was sens-
itive to the covariates considered. In fully adjusted models that further controlled for the prevalence of
individuals in different occupations, the association remained largely unchanged: 0.40% (95% CI: 0.09%,
0.71%) (table S1.2). The results for the supplementary outcomes are described in section S1.4.

Subpopulation analyzes revealed that a 10% point decrease in the prevalence of non-CF use was
associated with a decrease in hypertension among men of 0.67% (95% CI: 0.16%, 1.18%), compared
with 0.40% (95% CI: 0.08%, 0.72%) for women (table 3). Similar associations were observed in urban
and rural areas, corresponding to 0.44% (95% CI: 0.12%, 0.76%) and 0.41% (95% CI: 0.08%, 0.74%),
respectively (table 3). The association among the ST population is higher than for SC, OBC, or non-SC,
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Table 1. Descriptive statistics of the prevalence (unit: %) of the main health outcome, hypertension, exposures, and covariates at the
district level using data from the NFHS-4 and NFHS-5 surveys. Note that there were three districts in Maharashtra (1) and Telangana
(2) for which we did not have data on occupation in the year 2016. Mean (standard deviation) is reported.

Change in prevalence
between NFHS-5 and

Percentage change
in prevalence
between NFHS-

5 and NFHS-4:
100x (value,g—5—

NFHS-4 (%) NFHS-5 (%) NFHS-4 valuep .4 )/value,ms_4
Outcome
Hypertension 11.3% (4.0%) 12.1% (3.6%) 0.8% (3.6%) 13.6% (35.4%)
Exposure
Non-CF use 64.7% (28.7%) 46.1% (28.7%) —18.5% (12.7%) —34.3% (26.5%)
LPG use 33.4% (27.8%) 51.9% (28.6%) 18.6% (12.7%) 128.8% (140.3%)
Covariates
Obese 18.5% (8.7%) 22.9% (10.4%) 4.4% (5.0%) 28.4% (32.3%)
Drinks alcohol 5.1% (6.4%) 3.2% (3.9%) —1.9% (3.5%) —32.0% (25.3%)

Non-vegetarian
Smokes

64.6% (30.9%)
14.1% (12.1%)

66.2% (30.9%)
9.0% (9.9%)

1.6% (6.7%)
—5.1% (4.8%)

6.8% (25.4%)
—38.0% (20.6%)

Poor 16.3% (19.2%)  17.7% (18.9%)  1.4% (9.0%) 68.2% (225.1%)
No formal 27.2% (14.1%)  22.0% (12.2%)  —5.2% (5.0%) —18.4% (18.4%)
education
Improved 58.4% (28.6%) 82.7% (14.8%) 24.3% (18.4%) 92.6% (137.4%)
household
sanitation

Caste and religion
Schedule caste

13.8% (9.1%)

15.4% (10.3%)

1.6% (5.2%)

19.9% (58.2%)

(8O

Scheduled tribe 17.2% (30.1%) 17.2% (30.4%) —0.0% (4.9%) 52.5% (203.6%)
(ST)

Other backward 38.9% (23.9%) 38.3% (24.4%) —0.6% (9.1%) 6.0% (68.2%)
classes (OBC)

Muslim 6.7% (17.3%) 6.5% (17.5%) —0.2% (3.2%) 13.0% (89.8%)
Occupation

Manual labor 13.8% (5.7%) 13.6% (5.1%) —0.2% (6.2%) 10.4% (52.6%)
Agricultural 20.8% (10.1%) 22.3% (11.9%) 1.5% (7.1%) 10.9% (4.0%)
Professional 3.7% (1.2%) 3.5% (1.7%) —0.2% (1.1%) —6.7% (24.8%)
Sales 4.4% (1.1%) 4.3% (1.1%) —0.1% (0.9%) —0.7% (18.6%)
Services 4.4% (1.6%) 4.0% (1.6%) —0.4% (1.7%) —3.7% (37.2%)
Clerical 1.1% (0.5%) 0.9% (0.4%) —0.1% (0.5%) —4.2% (41.5%)
Not working 43.5% (7.7) 41.1% (7.9%) —2.3% (5.7%) —4.8% (13.2%)
Ambient PM; 5 61 (31) 62 (31) 1(2) 0.016 (0.04)
(pgm™?)

ST, or OBC populations, corresponding to 0.61% (95% CI: 0.24%, 0.98%) (table 3). Associations were
highest among the older age groups of 40—49 and 50-54 yr of age, corresponding to a decreased risk
of 0.79% (95% CI: 0.23%, 1.36%), and 1.63% (95% CI: 0.57%, 2.70%), respectively, for a 10% point
decrease in non-CF use; this is likely because older adults are more vulnerable to the impact of pollution
from CF use than younger individuals. All study participants in the 50-54 year age range were men, as
the age of women in our sample ranged from 15 to 49 yr (table 3).
Non-CF use was most pronounced in North India (figure 1). Associations between the change in
non-CF use and the change in hypertension correspond to 1.20% (95% CI: 0.11%, 2.29%) and 0.56%
(95% CI: 0.01%, 1.11%) in North and Central India, respectively (table 3). Associations in the North-

East and West regions are not statistically significant, although the same general trend of associations is
observed; while in the East and South, the general trend of associations was reversed (table 3). Region-
specific differences could arise from different lifestyles, cooking, activity patterns, and housing structures
that can modify the impact of non-CF use on health outcomes.

Subpopulation-specific analyzes were repeated using the prevalence of the outcome, exposure, and
covariates for the respective subpopulations (table S1.4). In these analyzes, the associations reported cor-
respond to the change in the prevalence of subgroup-specific health outcomes for a 10% point change
in the prevalence of subgroup-specific non-CF use. In general, the associations reported in table S1.4
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Figure 1. Prevalence (unit: fraction) of the two main outcomes: (A) hypertension in 2016 from NFHS-4, (B) hypertension in
2021 from NFHS-5, (C) difference in the prevalence of Hypertension between the two time periods, (D) non-clean fuel use
in 2016 from NFHS-4, and main exposure: (E) non-clean fuel use in 2021 from NFHS-5, (F) difference in non-clean fuel use
between the two time periods, classified into deciles.

were smaller than those in table 3. Some associations (for urban areas and non-SC/ST/OBC) disap-
peared completely. The difference in associations reported is likely because, in table S1.4, the change in
subpopulation-specific solid fuel use may be small compared to that of the overall district. Therefore,
although we do not see an association between the change in subpopulation-specific solid fuel use and
health outcomes, we see that the overall district-level change in solid fuel use is associated with a change
in health status.

Cross-sectional regressions revealed significant associations between the prevalence of non-CF use
and the prevalence of hypertension in 2016: 0.37% (95% CI: 0.10%, 0.64%) (table S1.5). We did not
observe significant associations between the change in non-CF use and the change in district-level
PM, s concentrations, although the general trend of the association observed: —0.12 ug m=> (95% CI:
—0.34 ug m—3, 0.11 ug m~?) suggests that PM, 5 concentrations decrease as non-CF use increases (table
S1.6). A visual determination shows that the changes in PM, 5 concentrations (figure S4.6) are dissim-
ilar to the change in prevalence of non-CF use (figure 1), suggesting that other factors likely drove the
changes in PM, 5 levels observed.

Large uncertainties in the exposure-response curve were observed when relaxing the assumption of
linearity in the relationship between the A use of non-CF and the health outcomes (For more details,
refer to section S2). No significant associations were obtained between the presence/absence of non-CF
and the main health outcomes in individual-specific analyzes (for more details on why this is the case,
refer to section S3).

4. Discussion

We evaluated associations between the change in prevalence of non-CF use spurred by India’s clean
energy policies on hypertension, a key CVD-risk factor, in India. Overall, a significant decrease in the
prevalence of hypertension at the district level was observed, corresponding to 0.41% (95% CI: 0.07%,
0.75%) for every 10% point decrease. The prevalence of hypertension in India is 11.3% (8.8% among
women and 13.8% among men) (Gupta et al 2019). Thus, even a 10% point decrease in non-CF use
could reduce the prevalence of hypertension by ~4%. Importantly, it appeared that most of the change
in non-CF use in India was driven by the increased adoption of LPG, part of which is due to the PMUY
program. Our results thus suggest that India’s CF policies have likely resulted in substantial benefits to
public health and are playing a key role in achieving Sustainable Development Goal (SDG)-7, which
aims to ensure affordable, clean energy to all.
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Table 2. Associations between a 10% point increase in non-CF use and the change in prevalence of hypertension between 2021 and

2016 in fully-adjusted models.

A Hypertension

Adjusted for difference in prevalence of
obesity, smoking, drinking alcohol,
nonvegetarians, poverty, no formal
education, improved sanitation, SC, ST,
OBC, Muslim, Manual, Agricultural,
Professional, Services, Sales, Clerical, Not
working

A Non-CF use
(std error clustered by state)

0.41%"
(0.07%, 0.75%)

A Non-CF use (population” -weighted;
std errors clustered by state)

0.40%*
(0.09%, 0.71%)

Populations were derived by aggregating population counts for men and women between the ages
P y aggregating pop g

15-54 yr and 1545 yr, respectively to the NFHS-5 district level, using age- and sex-specific
population data from The Gridded Population of the World, Version 4 (GPWv4) Basic
Demographic Characteristics, Revision 11 for the year 2010 at a ~ 1 km resolution for India.

Table 3. Associations between a 10% increase in non-CF use at the district level and the change in subpopulation-specific health
outcomes. All models were adjusted for the differences in prevalence of obesity, smoking, individuals who drink alcohol,
non-vegetarians, individuals from poor backgrounds, those with no formal education, improved sanitation, SC, ST, OBC, Muslim,

manual, agricultural, professional, service, sales, clerical, and non-working backgrounds. Robust standard errors are reported, clustered

by state.

A Hypertension

Gender
Women

Men
Urban/Rural
Urban

Rural

Caste

SC

ST

OBC

Not SC, ST, OBC
Age Category
1(15-19 yr)
2 (15-19 yr)
3 (20-29 yr)
4 (30-40yr)
5 (40-49 yr)
6 (50-54 yr)
Region
Central

East

North
North-East
South

West

0.40%* (0.08%, 0.72%)
0.67%* (0.16%, 1.18%)

0.44%™ (0.12%, 0.76%)
0.41%™ (0.08%, 0.74%)

0.40%" (0.11%, 0.69%)
0.61%* (0.24%, 0.98%)
0.47%"* (0.15%, 0.80%)
0.42%"* (0.14%, 0.70%)

0.13% (—0.01%, 0.27%)
0.18% (0.00%, 0.35%)

0.26% (—0.01%, 0.53%)
0.62%"* (0.26%, 0.98%)
0.79%"* (0.23%, 1.36%)
1.63%* (0.57%, 2.70%)

0.56%* (0.01%, 1.11%)
—0.47% (—1.09%, 0.15%)
1.2%* (0.11%, 2.29%)
0.12% (—0.91%, 1.16%)
—0.20% (—0.57%, 0.18%)
0.06% (—0.27%, 0.39%)




I0OP Publishing

Environ. Res.: Health 3 (2025) 045008 P deSouza et al

Figure 2. Difference between the prevalence (unit: fraction) of the following individuals in 2021 compared to 2016: (A) poor,
(B) obese, (C) smokers, (D) Nn formal education, (E) nonvegetarian, (F) have improved sanitation facilities, (G) SC, (H) ST, (I)
OBC, (J) Muslim, classified into deciles.

Region and age-group-specific analyzes revealed heterogeneity in associations between non-CF use
and the prevalence of hypertension, likely due to the differences in populations, housing types, beha-
vioral patterns, and cooking styles that impact exposure and vulnerability to hypertension (Roy 2024).
Specifically, reducing the prevalence of non-CF use had the largest association with change in the pre-
valence of hypertension among older populations, an important vulnerable population for CVD. The
strong associations between the change in the prevalence of non-CF use and hypertension among older
populations is likely driving the higher association observed among men than women aged 15-54 yr:
0.58% (95% CI: —0.08%, 1.23%) vs. 0.23% (95% CI: —0.07%, 0.53%). We also note that the number
of men in our sample is smaller, which explains the larger confidence intervals observed for men than
women. In addition, the change in the prevalence of non-CF use was associated with a larger positive
change in the health status of residents of North India compared to other regions. Such a difference
could be observed because the populations in these regions are very different, region-specific policies
are different, and thus baseline hypertension rates and vulnerabilities to exposure to indoor smoke are
different; Moreover, cooking practices are different, which can impact exposures. More work needs to
be conducted to evaluate why this was the case. Finally, associations between subpopulation-specific
non-CF use and subpopulation-specific hypertension were smaller than between overall non-CF use
and subpopulation-specific health hypertension, likely because the general reduction in the prevalence of
non-CF use can lower overall pollution concentrations, which benefits all subpopulations living in a dis-
trict. Although not significant, we observed that for every 10% increase in the prevalence of non-CF use
at the district level, PM, 5 levels were estimated to decrease by —0.12 ug m—> (95% CI: —0.34 ug m—3,
0.11 ug m=3).

The results from this study are consistent with previous findings that have reported associations
between indoor air pollution and the risk of hypertension. Specifically, a systematic review in 2020 based
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on 11 studies (two of which were based in India) reported that the use of household solid fuel was signi-
ficantly associated with an increased risk of hypertension, OR: 1.52 (95% CI: 1.26, 1.85) (Li et al 2020).
That systematic review also identified substantial heterogeneity across the studies reviewed. The previous
studies considered have been comprised of relatively small samples from small geographic regions.
Associations evaluated in this study between the change in non-CF use and the difference in district-
level ambient PM,; 5 concentrations between 2015 and 2020, although not significant, were suggest-
ive of a reduction in ambient concentrations. Other studies have reported that mitigating emissions
from household energy sources can substantially improve India’s ambient air quality levels via modeling
approaches (Chowdhury et al 2019).
Our study has some limitations.

(1) This study used the prevalence of district-level non-CF use as a proxy for indoor air pollution.
However, it is likely that due to differences in cooking patterns and housing conditions, among
other factors, a reduction in non-CF use may not correspond to the same decreases in indoor
pollution everywhere. This study attempts to account for likely differences in indoor pollution
exposures by reporting results from stratified analyzes by region and for different subpopulations.

(2) This study considers the changes in the prevalence of primary fuel use as documented in the NFHS.
However, previous research has suggested that fuel-stacking, or the use of multiple fuels in
households, is common in India (Gurley ef al 2013, Gould and Urpelainen 2018, Shupler et al
2020). If fuel stacking practices are similar across districts and unrelated to the outcome,
hypertension, our exposure of interest is a noisy proxy for the true reduction in solid fuel exposure,
and the estimated association is biased towards the null. If the degree of fuel stacking differs
systematically across districts, then the bias direction is unpredictable. Future work should
incorporate the impacts of fuel stacking that could lead to heterogeneous effects of the change in
non-CF use.

(3) When evaluating associations between the change in the prevalence of non-CF use and the change
in the prevalence of hypertension in our first difference models, this study makes the reasonable
assumption that the population does not change substantially in the 5 years between the two NFHS
surveys. We acknowledge, however, that other time-varying factors could impact our results.

(4) The PM, 5 dataset used here is a satellite-derived estimate that has uncertainties, especially in rural
areas where the scarcity of ground-based monitors precludes extensive evaluation.

(5) The NFHS-5 survey was conducted during the height of the COVID-19 pandemic in India, a period
marked by widespread social and economic disruptions. These disruptions likely influenced
household energy use—many people spent more time at home and cooked more frequently, while
supply chain interruptions may have led to increased fuel stacking. As a result, the exposure variable
used in this study, which captures the primary cooking fuel, may not accurately reflect true
household exposure during the pandemic. If the correspondence between primary fuel type and
actual exposure to household air pollution weakened during this period, the estimated associations
are likely attenuated toward the null. However, if the degree of exposure misclassification varied
across districts, the direction of bias becomes unpredictable. Additionally, reduced healthcare access
and pandemic-related lifestyle changes—such as elevated stress levels and altered health
behaviors—could have affected hypertension prevalence. For instance, if districts that continued to
rely on solid fuels also experienced greater socioeconomic stress, resulting in higher hypertension
rates, the observed associations would again be biased toward the null. The methodology that we
have developed in this article can be used with later rounds of the NFHS to continue to assess the
persistence of India’s clean energy transition impacts on health outcomes.

(6) All district-level estimates used were derived from multi-level models and have some amount of
uncertainty. Our study did not account for measurement errors in the modeled estimates.

(7) Our analysis is at the district level. Ecological regression analyzes are unable to adjust for
individual-level risk factors, and thus, this approach leaves us unable to make conclusions regarding
individual-level associations. Nevertheless, ecological regression analyzes still allow us to make
conclusions at the area level, which can be useful for policy-making. Specifically, we observed that
changes in non-CF use and the rising prevalence of LPG as the primary cooking fuel reported have
likely resulted in significant decreases in the prevalence of hypertension in India.

Data Availability Statement.

NFHS data is available on submitting a request via the DHS website https://dhsprogram.com/.
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The PM, 5 data are freely available from https://sites.wustl.edu/acag/datasets/surface-pm2-5/.

The data cannot be made publicly available upon publication because they contain sensitive personal
information. The data that support the findings of this study are available upon reasonable request from
the authors.

Supplementary data 1 available at https://doi.org/10.1088/2752-5309/ae1755/datal.
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