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Anaemia is a leading cause of global disease burden that is 
characterized by a diminished blood haemoglobin (Hb) 
concentration, often accompanied by a decrease in red 

blood cells, resulting in a decrease in the oxygen-carrying capacity 
of the blood1. Women of reproductive age (WRA), aged 15–49 years, 
may suffer from regular iron deficiency due to menstruation and 
therefore are particularly prone to develop anaemia (from mild to 
severe)2. Dietary iron deficiency is another chief cause of anaemia3, 
while other contributing factors include genetic disorders, parasitic 
infections and inflammation from infections4 and chronic diseases1. 
The World Health Organization (WHO) has set a global nutrition 
target to reduce anaemia in WRA by 50% by 20253. Anaemia preva-
lence in WRA is also an indicator to track progress in eradicating all 
forms of malnutrition5.

Anaemia is highly prevalent in India. The National Family and 
Health Survey 2015–2016 (NFHS-4) reported that 53.1% of WRA 
and 58.5% of children under five were anaemic6. India launched 
a national programme under the POSHAN Abhiyaan (‘nutrition 
mission’) aiming to make the country ‘anaemia-free’ and set a tar-
get of reducing anaemia in WRA to below 35% by 2022. Because 
an iron-deficient diet is the primary cause of the large burden of 
anaemia, the Ministry of Health and Family Welfare is engaged in 
increasing the iron intake of the population through supplemen-
tation and fortification7. However, recent studies have shown that 
dietary supplementation alone may not substantially reduce anae-
mia among WRA in India and that the benefits and risks may vary 
across states5,8.

One reason why increased iron intake may not reduce iron defi-
ciency anaemia is if the ingested iron is not absorbed. This can hap-
pen in an inflammatory state when the liver produces an increased 
level of hepcidin9. Erythrocyte production and Hb level can be 

reduced as a result of its direct negative impact on erythropoiesis 
and reduced dietary iron absorption10. Long-term particulate mat-
ter (PM2.5) exposure can also cause systemic inflammation and may 
increase the risk of developing anaemia10,11. However, the evidence 
for this link is confined to high-income countries and is lacking in 
low- and middle-income countries9,12. India has one of the world’s 
highest levels of ambient PM2.5 exposure, exceeding the WHO annual 
air quality guideline of 5 µg m−3 many times13. The Global Burden of 
Disease India study identified child and maternal malnutrition as 
the largest risk factor for ill health, followed by the risk of PM2.5 
exposure14. Epidemiological studies in India based on the impact of 
ambient PM2.5 exposure on health outcomes are ever-widening15,16. 
Ambient PM2.5 exposure is a leading risk factor for child anaemia in 
India17, although whether the association holds true for WRA is not 
known. Moreover, the differential impacts, if any, of exposure to the 
composition of PM2.5 on various health outcomes, including anae-
mia, are not known. Some studies of long- and short-term exposure 
have reported that particulates emitted from combustion processes 
have more adverse health effects compared with particulates from 
non-combustion sources, such as sea salt and crustal emissions18,19, 
but other studies20 and reviews have failed to find strong evidence of 
systematic differences in toxicity.

In this study, we estimated the effect of long-term exposure to 
ambient PM2.5 on anaemia prevalence among WRA in India. We 
statistically matched two different Indian national surveys on anae-
mia and diet using ‘case identification (CASEID)’ of the participants 
(NFHS-4 for anaemia and the 68th round of the National Sample 
Survey Office (NSSO) for diet), conducted within a four-year inter-
val (2013–2016), and evaluated their association over varying levels 
of dietary intake of iron and other related nutrients21. We estimated 
long-term exposure to annual ambient PM2.5 using satellite-based 
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data22 for the ten years (2007–2016) preceding the NFHS-4 survey 
that captured the anaemia prevalence data (Fig. 1) at the aggre-
gate as well as the individual level. For PM2.5 composition, we used 
MERRA-2 reanalysis data to estimate long-term exposure to the 
principal PM2.5 components: black carbon (BC), organic carbon 
(OC), sulfate (SO4

2−), soil dust and sea salt (Methods). Further, we 
examined the impacts of exposure to sector-specific PM2.5 using 
data from two different chemical transport models (Methods). 
Finally, using the exposure–response function derived from these 
data, we estimated the health benefits (represented in terms of the 
expected reduction in anaemia prevalence) at the district level due 
to a decrease in long-term PM2.5 exposure following the various 
clean-air targets set by the Government of India (GoI).

Results
Impact of long-term ambient PM2.5 exposure on the burden of 
anaemia. We estimated the anaemia prevalence from 640,557 
observations for WRA recorded in NFHS-4 data across 636 districts 
after excluding 59,129 observations that had missing Hb concentra-
tion, PM2.5 exposure and covariate data (Supplementary Fig. 1). The 
anaemia prevalence across Indian districts in 2015–16 was 53.1% 
(range 22.4–80.0%) with a slightly lower prevalence in urban India 
(50.9%, range 11.5–75.4%) than in rural India (54.3%, range 9.2–
83.9%)6,21. Anaemia prevalence varied substantially among states 
(Fig. 1), ranging from 22.6% in Nagaland to 64.4% in Jharkhand. 
Ambient PM2.5 exposure ranged from 35 to 90 µg m−3 (Fig. 1).

We used a multivariate logistic regression model to estimate the 
effect of long-term ambient PM2.5 exposure on anaemia prevalence 
in WRA. The model was adjusted for several risk factors: daily iron 
intake (from the National Sample Survey, NSSO-68), body mass 
index (BMI), smoking, second-hand smoke, education level, cook-
ing fuel, wealth index and residence (urban/rural). At the ecological 
level, we estimated a 7.23% (95% uncertainty interval (UI), 6.82–
7.63) increase in anaemia prevalence for every 10 µg m−3 increase 
in long-term ambient PM2.5 exposure after adjusting for the leading 
confounders in the multivariate model (Methods). The correspond-
ing decrease in average Hb level was 0.57 g L−1 (95% UI, 0.68–0.54). 
We assessed potential nonlinearities in the associations of the prob-
ability of anaemia with ambient PM2.5 exposure using a generalized 
additive model (Fig. 2). Anaemia prevalence increased monotoni-
cally with PM2.5 exposure.

We also carried out an aggregate-level analysis for 636 dis-
tricts, excluding four districts (Lakshadweep, Nicobar, North and 
Middle Andaman, South Andaman) outside the continental Indian 

landmass (Supplementary Table 3). For every 10 µg m−3 increase in 
ambient PM2.5 exposure, the adjusted average Hb level was found to 
decrease by 0.44 g L−1 (95% UI: 0.47–0.41). The adjusted odds ratio 
(OR) of anaemia was 1.07 (95% UI, 1.06–1.08) for every 10 µg m−3 
increase in ambient PM2.5 exposure when anaemia was modelled as 
a binary outcome across the multivariate logistic regression model.

Effect modification. Fig. 3 compares the adjusted OR with 95% UI 
of anaemia for every 10 µg m−3 increase in ambient PM2.5 exposure 
stratified by different socio-demographic factors that potentially 
modify the effects of long-term PM2.5 exposure on anaemia among 
WRA. The first to the fifth national wealth quintiles are categorized 
as the ‘poorest’ to the ‘richest’ wealth categories, respectively. The 
weight categories are based on BMI (kg m−2): underweight <18.5; 
normal 18.5–24.9; overweight 25–29.9; obese ≥30. The impact of 
PM2.5 on anaemia prevalence increased as socio-economic status 
improved; the OR ranged from 1.060 (95% UI, 1.052–1.069) for 
the poorest to 1.097 (95% UI, 1.088–1.106) for the richest for every 
10 µg m−3 increase in ambient PM2.5 exposure. Also, when we com-
pared the adjusted changes in Hb level for every 10 µg m−3 increase 
in ambient PM2.5 exposure, Hb level decreased with improved 
socio-economic status (Fig. 3). For example, the slope ranges from 
−0.24 (95% UI, −0.32 to −0.16) for the poorest to −0.82 (95% 
UI, −0.88 to −0.76) for the richest for every 10 µg m−3 increase in 
ambient PM2.5 exposure. The relative effects are larger for the indi-
viduals not exposed to second-hand smoke (OR, 1.083; 95% UI, 
1.077–1.089) relative to those who were exposed to second-hand 
smoke (OR, 1.063; 95% UI, 1.057–1.068). The urban population 
(OR, 1.078; 95% UI, 1.071–1.084) is more susceptible to the impact 
of ambient PM2.5 exposure on anaemia prevalence than the rural 
population (OR, 1.069; 95% UI, 1.063–1.074). The households 
using kerosene are the most affected compared with households 
using other unclean fuel and clean fuel. The impact is also inversely 
related to socio-demographic factors such as ‘education level’ and 
‘BMI’. Additional covariates of interest such as age and vitamin A 
intake were adjusted into the model and assessed for effect size. 
However, these variables showed negligible change in effect size and 
weak significance; therefore, they were excluded from the model.

We also calculated the relative excess risk due to interaction 
(RERI) and its 95% UI using unit additive interaction estimated 
through a logistic regression model, to analyse whether there were 
cases of anaemia that were due to joint exposure to air pollution 
and other risk factors and, therefore, that acting on either of the 
two factors would reduce the effect of air pollution exposure. The 
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Fig. 1 | Spatial patterns of anaemia prevalence (%) and PM2.5 exposure in India. a,b, Prevalence of anaemia amongst women of reproductive age by 
district within each state in India (a) and ambient PM2.5 exposure (averaged from 2007–2016) by district in each state (b), measured in μg m−3.
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higher-order polynomial regression coefficients were very small in 
our study (Supplementary Table 2). RERI was found to be positive, 
with a certain significance level, at less than 0.05 for all the risk fac-
tors considered in adjusting the model.

Differential impact of exposure to PM2.5 species and sources. To 
assess the impact of long-term exposure to PM2.5 composition on 
the burden of anaemia in WRA, we carried out an aggregate-level 
analysis. We found a 6.13% (95% UI, 5.20–7.12%) increase in anae-
mia prevalence for every 10 µg m−3 increase in long-term ambient 
PM2.5 exposure (with MERRA-2 PM2.5) using a multivariable logistic 
regression model adjusted for several known risk factors: daily iron 
intake (from NSSO-68), BMI, smoking, second-hand smoke, edu-
cation level, cooking fuel, wealth index and residence (urban/rural). 
This was slightly lower than the effect observed with satellite-based 
exposure data, as PM2.5 from MERRA-2 is underestimated in India 
compared with satellite-derived estimates23. The spatial patterns of 
long-term exposure (2007–2016) to individual PM2.5 species from 
MERRA-2 reanalysis data are shown in Supplementary Fig. 3. The 
largest OR is found for the exposure to SO4

2− (OR, 1.26; 95% UI, 
1.25–1.27) and BC (OR, 1.25; 95% UI, 1.23–1.26), followed by dust 
(OR, 1.21; 95% UI, 1.20–1.22), OC (OR, 1.10; 95% UI, 1.09–1.11) 
and sea salt (OR, 1.04; 95% UI, 1.03–1.045).

To understand the differential exposure in view of the relative 
source contributions to ambient PM2.5 species, we used two dif-
ferent chemical transport models: WRF-CMAQ and GEOS-chem 
(Methods). The uncertainty in sectoral PM2.5 estimated from a 
chemical transport model depends on the representativeness of 
the emission inventory and the model calculation of secondary 
species. Sector-specific PM2.5 cannot be directly validated; there-
fore, we used results from the two different models to check the 
consistency. The sectoral contributions to ambient PM2.5 from the 
WRF-CMAQ model (2016) and GEOS-chem model (2015) are 
shown in Supplementary Figs. 4 and 9. We found that the largest 
share of PM2.5 concentration was contributed by the domestic sector 
in India (Supplementary Fig. 9). To compare sectoral contributions 
to PM2.5 from both the models and analyse them against anaemia 
prevalence, we adapted the GEOS-chem model concentrations 
from 50 km × 67.5 km to 36 km × 36 km2 to match the WRF-CMAQ 
model resolution. The contributions of sectors such as transport and 
road dust concentration are high in urban regions24, and a higher 
exposure is expected at local scales. The impact of transboundary 

pollutants is higher in the areas near the north-western political 
boundary of the country. The annual population-weighted contri-
bution of sectors to PM2.5 concentration are similar to the results 
reported earlier in the GBD-MAPS study25. Furthermore, in the 
case of WRF-CMAQ outputs, for every interquartile range increase 
in PM2.5 exposure attributable to the sectoral emissions, the OR is 
the highest (OR, 1.22; 95% UI, 1.21–1.23) for the industrial sector, 
followed by the unorganized (for example, municipal waste burn-
ing and crematorium) sectors (OR, 1.19; 95% UI, 1,18–1.20) and 
an equal impact of the domestic (OR, 1.12; 95% UI, 1.10–1.13) 
and power (OR, 1.12; 95% UI, 1.11–1.12) sectors. The impacts of 
exposure to the road dust (OR, 1.09; 95% UI, 1.08–1.10) and agri-
culture waste burning sectors (OR, 1.08; 95% UI, 1.07–1.09) on 
anaemia prevalence are comparable in India, while the impacts of 
the transboundary (OR, 1.05; 95% UI, 1.04–1.06) and transport sec-
tor (OR, 1.07; 95% UI, 1.06–1.08) are slightly lower. The analysis of 
the outputs from the GEOS-chem model revealed similar patterns. 
For every interquartile range increase in PM2.5 exposure attribut-
able to the sectoral emissions from the GEOS-chem model, the OR 
is the highest (OR, 1.28; 95% UI, 1.26–1.29) for the industrial sec-
tor, followed by the power (OR, 1.27; 95% UI, 1.26–1.28) and other 
(comprising anthropogenic mineral matter, natural dust, residential 
lighting using kerosene lamps, informal industry, waste burning 
and fugitive dust) sectors (OR, 1.24; 95% UI, 1.23–1.26). The OR 
for the domestic (OR, 1.11; 95% UI, 1.10–1.12) and transport (OR, 
1.11; 95% UI, 1.10–1.13) sectors are quite close to the results from 
the WRF-CMAQ model. The impact of the open burning (agricul-
tural waste burning) sector (OR, 1.03; 95% UI, 1.02–1.04) is slightly 
lower in this model.

The benefits of meeting clean-air targets. The GoI announced 
three important social programmes in recent years which contrib-
ute to reductions in air pollution, both outdoor and indoor. The 
National Clean Air Programme (NCAP), launched in 2019, aimed 
at reducing ambient PM2.5 levels by 30% by 2024 relative to the lev-
els in 2017 (ref. 26). The mitigation measures for the NCAP focused 
only on outdoor sources. The Pradhan Mantri Ujjwala Yojana 
(PMUY) was launched in 2016 to provide clean fuel to the 80 mil-
lion households that depend on solid fuel for cooking and heating27. 
The Deen Dayal Upadhyay Grameen Jyoti Yojana (DDUGJY) was 
mandated to electrify rural India, thereby eradicating the use of 
kerosene for lighting. Household emissions were found to be the 
largest (about 30%) contributor to ambient PM2.5 in India28. In fact, 
complete mitigation of household emissions in 2015 could reduce 
the ambient PM2.5 exposure below the national ambient air qual-
ity standard of 40 µg m−3 (refs. 27,28). Since these recent policies are 
expected to reduce ambient PM2.5 exposure substantially, we anal-
ysed the potential co-benefits of successful implementation of these 
programmes on reducing the burden of anaemia in India using the 
exposure–response function discussed (Methods).

As per the NFHS-4, only 61 districts have anaemia prevalence 
below 35%, and 575 districts (90.4% of the total 636 districts con-
sidered here) do not meet the target of <35% anaemia prevalence in 
WRA set by the GoI for its ‘anaemia-free’ national mission (Fig. 1).  
If India could implement the NCAP successfully and reduce ambi-
ent PM2.5 exposure by 30% across the districts, 110 districts (17.3%) 
would meet the target of <35% anaemia prevalence (Fig. 4a). By 
completely mitigating emissions from household sources, an addi-
tional 111 districts (17.4%) would meet the target (Fig. 4b). As a 
combined impact of exposure reduction through the NCAP, PMUY 
and DDUGJY programmes, 186 districts (29.2%) would be able to 
reduce anaemia prevalence to below 35% (Fig. 4c). If India meets 
the WHO air quality guideline of 5 µg m−3, the national anaemia 
prevalence would come down to 34.6% (Fig. 4d), meeting the 
‘anaemia-free’ mission target. In this scenario, anaemia prevalence 
would be below 35% in 340 districts (53.5%). District-level ambient 
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PM2.5 exposure for the period 2007–2016, anaemia prevalence (in 
per cent) captured by the NHFS-4, anaemia prevalence after meet-
ing clean-air targets and the WHO air quality guideline are sum-
marized in Supplementary Table 3.

Discussion
In India, there are no epidemiological studies that investigate 
associations between PM2.5 components and sector-specific PM2.5 
and health effects, especially in the context of anaemia. Here we 
focus on the association between PM2.5 and its components with 
anaemia prevalence among WRA. The ambient PM2.5, adjusted 
for average district-level risk factors, estimated a 7.23% increase 
in average anaemia prevalence in WRA for every 10 μg m−3 
increase in ambient PM2.5. The impact was almost four times 
higher than that on children (under five years), as found recently 
by Mehta et al., which reported a 1.9% increase in child anaemia 
prevalence for every 10 μg m−3 increase in ambient PM2.5 (ref.17). 
Similar associations for children under five were reported by 
Morales-Ancajima et al.9 in Lima, Peru, where they observed a 
39.6% (95% UI, 39.3–39.9) increase in anaemia prevalence and a 
slight decrease in Hb (OR, −0.03, 95% UI, −0.05 to −0.02) with 
an increase in PM2.5 exposure. The smaller impact in children may 
imply a more adverse effect with longer exposure, or that adults 
are simply more likely to have greater cumulative exposure to out-
door air pollution.

Socio-economic status (SES) can be an important modifier of 
the effects of air pollution on health29. Many studies have found 
that poorer communities have greater susceptibility (stronger pol-
lution–disease associations) to health impacts due to air pollution. 
However, this finding has not been consistent in the literature29,30. 
Inconsistencies may be due to nonlinearities in susceptibility, 
including potential threshold, saturation effects or simply a rela-
tively lower exposure to other aetiologies of anaemia as wealth 
increases; alternatively, they may be due to differences in the SES 
indicators used, or in the relative distributions of SES among the 
individuals represented in any given population (especially when 
comparing populations across very different countries or commu-
nities). Many researchers have also explored the role of psychosocial 
stress, an important product of life in many lower SES settings, as 
an effect modifier of the air pollution–health association31,32. The 
effects have been inconsistent in other settings33. The other factor 
that may play a crucial role in effect modification is variation in 
PM2.5 composition related to the source characteristics.

The reported RERI (Supplementary Table 2) and effect modifi-
cations (Fig. 3) suggest that there are excess cases of anaemia due to 
joint exposure to air pollution and other risk factors considered in 
our study. Hence, reducing these other risk factors will also reduce 
the number of cases caused by air pollution exposure. The addi-
tive interaction between smoking and PM2.5 was positive with RERI 
0.55 (95% UI, 0.54–0.55), indicating a sufficient-cause interaction. 
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Similarly, for second-hand smoke (1.18; 95% UI, 1.17–1.18), educa-
tion level (1.64; 95% UI, 1.64–1.65), residence (0.99; 95% UI, 0.99–
1.00), wealth index (1.03; 95% UI, 1.02–1.03), BMI (0.95; 95% UI, 
0.94–0.95), iron intake (1.00; 95% UI, 0.99–1.00) and cooking fuel 
(0.79; 95% UI, 0.78–0.80), the interaction was in a positive direc-
tion. Our results imply large health benefits of meeting the NCAP 
target of reducing PM2.5 exposure by at least 30%. Further research 
is recommended to understand the underlying biological mecha-
nism and its response to toxicity from differential exposures. The 
largest OR for anaemia prevalence was observed for exposure to 
SO4

2− and BC, followed by dust, OC and sea salt.
An additional aspect of our study is that it is the first of its 

kind conducted among WRA across India that did not focus only 
on PM2.5 but also on its components and sectoral contributions. 
Elbarbary et al.12 assessed the association between ambient air pol-
lution exposure and anaemia prevalence/Hb levels in older Chinese 
adults, and detected nonlinearities in dose-response curves for PM 
and NO2 exposure with respect to Hb levels and anaemia preva-
lence in the study population. Sun et al.34 suggested that some spe-
cific PM2.5 constituents, such as organic carbon, nitrate, sulfate and 
elemental carbon, may have greater toxic effects than PM2.5 itself. 
We found the largest odds ratios for exposure to SO4

2− (OR, 1.26; 
95% UI, 1.25–1.27) and BC (OR, 1.25; 95% UI, 1.23–1.26), followed 
by dust (OR, 1.21; 95% UI, 1.20–1.22), OC (OR, 1.10; 95% UI, 
1.09–1.11) and sea salt (OR, 1.04; 95% UI, 1.03–1.045). Therefore, 
to trace the contributing sources of SO4

2− and BC, we explored 
sectoral information. The results show that the industrial, domes-
tic and power sectors have major contributions to sulfate and BC 
loading. This may explain the relatively higher impacts of these sec-
tors across the models compared with others. The epidemiological 
and toxicological evidence provide little support for the differential 
toxicity of PM components. For the higher impact of SO4

2−, Reiss 
et al.35 suggested three possible indirect effects of particulate sulfate 
within the PM mixture in the atmosphere, including (1) catalysis of 
organic aerosol formation, (2) potential increase in bioavailability 
of metallic species and (3) enhancement of lung deposition of more 
toxic compounds. At present, there is insufficient evidence to draw 
general conclusions about these mechanisms. Our estimates will 

provide support for policymakers in targeting specific sectors that 
are contributing to exposure to PM2.5 and other pollutants and, in 
turn, causing lethal health impacts.

We hypothesize that exposure to high levels of ambient PM2.5 
leads to inflammation through oxidative stress, which is believed to 
be one of the chief mechanisms responsible for adverse health out-
comes caused by particulate matter exposure36,37. Chronic inflam-
mation can impact erythrocytes and Hb concentration38 through 
immune activation, which can further change the iron trafficking 
in the body by secreting cytokines (for example, interleukin-6). As 
a result, the liver is stimulated to produce hepcidin, which in turn 
binds the cellular transmembrane iron-exporter, ferroprotein. This 
binding inhibits the iron recycling from senescent erythrocytes 
through macrophages, and absorption of dietary iron in the duode-
num. Subsequently, the inflammatory cytokines may independently 
suppress erythropoiesis owing to less iron availability for Hb forma-
tion. We note that inflammation can occur in a variety of clinical 
situations (for example, cancer and different organ dysfunctions), 
while the innate immune system can be activated by obesity9.

One puzzling aspect was that the impact of ambient PM2.5 on 
anaemia prevalence increased as SES improved. This is coun-
terintuitive, as one would expect that the impact of pollution 
would be greater in poverty. One possible reason for this is that 
pollution-induced inflammation in wealthier individuals might 
have had a greater influence on their iron absorption, as this may 
have been already downregulated due to better body iron stores, 
or a higher degree of adiposity. It is known that adipose tissue is 
inflammatory39, with hepcidin-related inhibition of iron absorp-
tion40. Pollution may have simply potentiated the existing inflam-
mation with greater adiposity in the wealthier group. In contrast, 
the poorer individuals, with poorer quality diets and lower body fat, 
might have had an upregulated iron absorption, which offset the 
influence of pollution. This has been shown to be the situation in 
poorer, rural populations, where higher serum ferritin concentra-
tions and body iron stores were observed in comparison to richer, 
urban populations41. In that study, groups with a high prevalence of 
inflammation (as measured by C-reactive protein), belonging to the 
poorer households with poor sanitation, had lower iron deficiency 
prevalence. This, too, is counterintuitive, but a systematic review 
has also reported a relatively lower prevalence of iron deficiency in 
rural than in urban populations42.

The analysis presented here can be repeated using NFHS-V 
(2019–2021) data to observe whether anaemia prevalence has 
changed in recent years. Further analysis using the NFHS-V data-
set would provide stronger evidence for the transition to a cleaner 
household energy ambient environment. We recommend further 
epidemiological and toxicological studies to understand this rela-
tionship and the biological mechanisms that drive the link between 
air pollution and its causal effects.

Methods
Study population. Our study analyses two Indian national-level survey datasets. 
Data on anaemia in WRA and their socio-demographic factors were obtained 
from the NFHS-4 2015–20166 and data on daily iron intake were obtained from 
the 68th round survey (2011–2012) of the NSSO by converting household-level 
food purchases to per capita micronutrient intake with the help of the Indian Food 
Composition table43. The NFHS-4 survey data provide information on household and 
individual socio-demographic characteristics and blood biomarker measurements, 
including Hb from capillary blood samples of 699,686 WRA residing in 601,509 
households across 640 districts, covering 29 states and six union territories of India. 
Primary sampling units (PSUs) were selected based on the 2011 Indian census. 
PSUs were villages in rural areas and census enumeration blocks (CEBs) in urban 
areas. Selected PSUs with at least 300 households were subdivided into segments 
of approximately 100–150 households. For the survey, two of the segments were 
randomly selected using systematic sampling with probability proportional to 
segment size. Therefore, an NFHS-4 cluster will either be a PSU or a segment of a 
PSU. Later, 22 households were randomly selected with systematic sampling in every 
selected rural and urban cluster (Supplementary Fig. 2). More information about the 
NFHS-4 survey, sampling frame and survey design is given in Supplementary Note 1.

No data

Anaemia prevalence

a b

c d

<25

25–35

35–45

45–55

>55

Fig. 4 | Anaemia prevalence and clean-air targets. a–d, Anaemia 
prevalence (%) (a) after the NCAP implementation where ambient PM2.5 
exposure is reduced by 30%, (b) after mitigating domestic emissions by 
implementing PMUY and DDUGJY, (c) after reduction in ambient PM2.5 
exposure by the combined impact of the NCAP, PMUY and DDUGJY 
programmes and (d) if India meets the WHO air quality guideline.

Nature Sustainability | www.nature.com/natsustain

http://www.nature.com/natsustain


Articles Nature Sustainability

There were four main survey questionnaires administered in NHFS-4:  
a household questionnaire, a men’s questionnaire, a women’s questionnaire and a 
biomarker questionnaire. The women’s questionnaire was given to women between 
the ages of 15 and 49 years, and yielded a 97% response rate. For more details 
on sampling design, see the National Family and Health Survey IV Report by the 
International Institute for Population Sciences6. The 9th quinquennial Household 
Consumer Expenditure survey of the 68th round of the NSSO covered all regions 
of India (29 states and six union territories). More details on the NSSO dataset are 
given in Supplementary Note 2.

Hb concentrations and anaemia prevalence estimates. Blood specimens were 
collected from all the women aged between 15 and 49 years who resided in the 
households selected for the survey. Blood samples were drawn to measure Hb 
concentration using the HemoCue Hb 201+ analyser in each district44. The 
systematic protocol was used for blood sample processing. The samples were then 
sent to the designated laboratories for testing.

We determined anaemia for WRA based on Hb level <12.0 g dl−1 after 
adjustment for smoking and altitude in enumeration areas above 1,000 m. 
District-level anaemia prevalence and average Hb concentration (measured and 
reported in g l−1) are considered primary outcomes for the ecological analysis. 
For the individual-level analysis, we estimated individual exposure to ambient 
PM2.5 by clustering the exposure using geocode information of each PSU in the 
NFHS-4 data.

Ambient PM2.5 exposure assessment. Our primary exposure metric is ten-year 
(2007–2016) average ambient PM2.5 exposure, modelled as a continuous 
variable. We estimated long-term exposure for all 636 districts from the national 
PM2.5 database created for India22. This database was created by converting 
MODIS-MAIAC aerosol optical depth to surface PM2.5 using a dynamic scaling 
factor from MERRA-2 reanalysis data. The instantaneous PM2.5 (representing the 
satellite overpass time) was then converted to a 24-hr average using the diurnal 
scaling factor from MERRA-2. Both these scaling factors were calibrated against 
the data from the existing ground-based network of the Central Pollution Control 
Board of India (CPCB). At the annual scale, satellite-derived PM2.5 concentration 
shows a correlation coefficient of 0.97 and a root mean square error of 7.2 µg m−3 
with the coincident ground-based measurements from the CPCB network. We 
used the population distribution from the Indian census to estimate the exposure 
at a 1-km resolution for 2007–2016. For the individual-level analysis, individual 
exposure to ambient PM2.5 was calculated by clustering the exposure using geocode 
information of each PSU in the NFHS-4 data.

PM2.5 composition. India lacks long-term PM2.5 composition data. Hence, we used 
MERRA-2 reanalysis data for annual-averaged BC, sulfate, OC, dust and sea salt 
information, bilinearly re-gridded from 0.5° × 0.6° to 1 km × 1 km to match the 
resolution of the satellite-based PM2.5 dataset. In our study, the MERRA-2 total 
PM2.5 was estimated using the methodology of Bali et al.23 and Buchard et al.45.

Bali et al.23 presented a detailed account for validation and bias correction 
of the MERRA-2 data for use in air quality studies in India. We downscaled the 
MERRA-2 PM2.5 exposure to 1 km2 to capture the exposure information of districts 
(smaller in size) that are missed at coarser resolution. MERRA-2 data shows a 
significant correlation with the satellite-derived PM2.5 from the same time, with an 
R2 value of 0.88 (Supplementary Fig. 8).

The spatial patterns of chronic exposure to individual PM2.5 species from 
MERRA-2 are shown in Supplementary Fig. 3. We used the PM2.5 composition 
data measured in Delhi and Varanasi46 as well as other available data from the 
literature (Supplementary Table 4) during the period 2007–2016 to evaluate the 
MERRA-2 PM2.5 composition. The R2 values were 0.63 for PM2.5, BC, OC and 
SO4

2− (Supplementary Fig. 6). We also investigated the region-specific correlation 
between ground-based and MERRA-2 measurements for Delhi from 2013 to 
2016 (Supplementary Fig. 7). The R2 value range (0.53–0.88) demonstrated the 
robustness of the MERRA-2 data used for the analysis.

A generalized linear model with a binomial family was used to assess the effect 
of single air pollutants on anaemia prevalence. In a single-pollutant model, we 
introduced one pollutant at a time as a linear term and adjusted for all risk factors.

WRF-CMAQ model. The model set-up of Weather Research Forecasting (WRF) 
v.3.9.1 (ref. 47) and Community Multi-scale Air Quality Modelling System (CMAQ) 
v.5.3.1 (ref. 48) was used to estimate the ambient PM2.5 concentration for the year 
2016 over the study domain49. The ERA5 dataset of ECMWF was used as an input 
to the WRF model. The inputs to the CMAQ model included multipollutant 
emissions at 36 km × 36 km resolution and pollutants from transboundary 
sources along with the meteorological input generated by the WRF model. The 
national-scale emissions were generated using the Greenhouse Gas and Air 
Pollution Interactions and Synergies (GAINS)-ASIA model (https://gains.iiasa.
ac.at)50 in which actual consumption data for the different sectors was used as an 
input for the year 2016. The ECLIPSE (v.5) database of IIASA (2014) was used 
for the national ammonia emissions, ship emissions and the emissions emitted 
from those neighbouring countries that fall within the study domain, including 
Nepal, Myanmar, Bangladesh, Sri Lanka and Pakistan. Additionally, transboundary 

pollutants coming from outside the study domain were taken from boundary 
conditions developed by the Community Atmosphere Model with Chemistry 
(CAM-chem) model51 (https://www.acom.ucar.edu/cam-chem/cam-chem.
shtml). Sectoral data from the CMAQ model (2016) are spatially represented in 
Supplementary Fig. 4.

GEOS-chem model. The contribution of source sectors to PM2.5 concentrations 
was assessed through simulations using the Goddard Earth Observing System 
(GEOS)-Chem model v.10.01, with an Indian region emission inventory 
generated using the Speciated-Multipollutant Generator (SMoG-India-v1; 
https://ncapcoalesce.iitb.ac.in/resources/smog-india-emission-inventory/). 
Gridded emissions for 2015 were produced over India52 for primary particulate 
matter constituents (that is, BC and OC) and precursor gases (SO2, NOx, 
NMVOCs and NH3). SMoG-India uses an engineering model approach of 
technology-emissions modelling, using parameters for process and emissions 
control technologies and technology-linked emission factors (g of pollutant per kg 
of fuel) to estimate emissions from sectors including energy, industry, transport, 
residential, agricultural residue burning and distributed diesel (diesel generator 
sets, agricultural tractors and irrigation pumps). To improve spatiotemporal 
distributions, SMoG-India uses sector-specific spatial proxies, along with 
seasonality, to generate monthly emissions at a resolution of 0.25° × 0.25°. Other 
features include emissions of anthropogenic mineral matter (or coal fly-ash),  
a key primary pollutant missing from global inventories, speciated emissions of 
NMVOCs and relevant sectoral grouping for the input of emissions at both surface 
and higher model levels. Additionally, emissions of forest fires were taken from 
the global GFED-4s database53, while NH3 emissions were from the MIX emission 
inventory54. The South Asia nested version of GEOS-chem was used to resolve the 
South Asia domain at a resolution of 0.5° × 0.67° (approximately 56 km × 74 km 
at the Equator) with dynamic boundary conditions using meteorological fields 
from the NASA Goddard Earth Observation System (GEOS-5). Simulations 
used a three-month initialization period with the year 2012 meteorology to best 
represent the mean PM2.5 concentrations. The results were consistent with the 
findings of Phillip et al.55. Sectoral contributions to PM2.5 were estimated from the 
difference between simulated PM2.5 with all emissions and PM2.5 simulated with 
all emissions except the particular sector. The outputs at relative humidity of 50% 
were considered.

Confounders and effect modifiers. We obtained all the information about 
covariates from the NFHS-4 questionnaires administered to WRA. We used 
daily iron intake derived from NSSO-686. Exposure to indoor air pollution from 
biomass burning has been linked to anaemia in children,56,57 so we adjusted our 
model for the type of cooking fuel in the analysis. Biogas, liquefied petroleum 
gas and electricity were considered as clean fuel, while kerosene or biomass 
fuel (wood, straw/shrubs/grass, agricultural crops, animal dung, coal/lignite, 
charcoal, other) were considered as polluting fuel. The education level of  
WRA was covered in the analysis and categorized information about levels  
of education as primary, secondary, higher and no education. BMI in the 
NFHS-4 questionnaire was categorized as underweight (BMI <18.5), normal 
(BMI 18.5–24.9), overweight (BMI 25.0–29.9), obese (BMI ≥30.0). SES was 
quantified using the individual wealth index, with levels of ‘poorest’, ‘poorer’, 
‘middle’, ‘richer’ and ‘richest.’ Smoking status was also captured for WRA, where 
a person smoking bidi, cigarettes or tobacco was categorized as a smoker. Other 
covariates used as dichotomous variables in the analysis were second-hand 
smoke exposure (yes/no) and type of residence (urban/rural). The effect 
modification by relevant covariates on anaemia as well as Hb level for every 
10 μg m−3 increase in ambient PM2.5 exposure was further examined by stratified 
analysis. Additional risk factors such as infection58 can act as effect modifiers, 
but the required information was not available in the dataset to be included in 
the analysis.

Statistical modelling. We used R v.4.1.0 to conduct all statistical analyses and 
created the figures using R and ArcGIS v.10.3. We first estimated the impact of 
long-term (ten-year) ambient PM2.5 exposure modelled as a continuous variable 
per district on average anaemia prevalence and average Hb levels using the 
standard multiple linear regression model. We then performed individual-level 
analysis using the generalized linear mixed-effects models accounting for 
clustering by PSUs with Gaussian and logit links for Hb and anaemia, respectively. 
We developed an exposure–response curve to assess the nonlinearity between 
decade-long ambient PM2.5 exposure and the probability of anaemia prevalence 
and Hb levels using a generalized addition model with penalized cubic splines. 
Penalized splines are used to determine the potential nonlinearity in the 
association of ambient PM2.5 exposure (µg m−3) with Hb level (g L−1) and anaemia 
status at an individual level.

The possible effect modifications by wealth index (SES), residence type (urban/
rural), education level, cooking fuel, second-hand smoke and daily iron intake 
were examined by stratified estimates of OR with 95% UI at the levels of respective 
factors using multiplicative interaction terms. Mutually disjointed UIs across the 
levels are an indicator of potential effect modification by the factors. To estimate 
the simultaneous effects of PM2.5 components, we replaced PM2.5 in the above 
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models with its components one at a time, along with residual PM2.5 of respective 
components derived by regressing PM2.5 on each component. The residual-based 
approach was used to estimate the effect of PM2.5 components while controlling for 
risk factors by the total amount of PM2.5. We regressed each component of interest 
on the total PM2.5 in a linear model and used the residual to estimate the effect of 
each individual component while holding PM2.5 constant.

Health benefit analysis. We examined the expected benefits of the three recent 
clean-air and social policies: (1) the NCAP focusing on ambient air pollution; (2) 
the PMUY aiming to supply clean fuel to 80 million poor households that use solid 
fuel for cooking; and (3) the DDUGJY aiming to electrify rural areas and eradicate 
kerosene lighting. The NCAP aimed to reduce the annual ambient PM2.5 exposure 
by up to 30% by targeting the reduction of emissions from outdoor sources, 
focusing on the non-attainment cities.

We first estimated the reduction in ambient PM2.5 exposure (ΔPM2.5) at the 
district level if India meets the NCAP target (that is, complete success of the 
NCAP) relative to the long-term exposure level. Similarly, the expected reduction 
in PM2.5 exposure was calculated for the complete mitigation of household 
emissions by successfully implementing the PMUY and DDUGJY. For this, we 
used the relative contributions of household emissions to ambient PM2.5 derived 
from the model simulation (Supplementary Fig. 4). If the household emissions are 
mitigated completely, the ambient PM2.5 (averaged over 2007–2016) exposure is 
expected to reduce by around 30% from 62.3 μg m−3 to 43.6 μg m.−3 These estimates 
are at par with those in the literature, suggesting a very similar proportion of 
household emissions to ambient PM2.5 concentrations in India25,28.

Next, we derived the attributable fraction by the following formula:

AF =
(RR − 1)

RR (1)

where RR = exp (log (OR) × ΔPM2.5) and OR is the estimated odds ratio for 
each unit increase of PM2.5 exposure. Then we calculated the expected reduction 
in district level anaemia prevalence (E) due to the reduction in long-term PM2.5 
exposure as:

E = AF × District level anaemia prevalence (2)

In addition to the GoI’s clean-air policies, we also estimated the expected health 
benefits of meeting the previous (now interim target 4) WHO air quality guideline 
of 5 μg m−3 following a similar methodology.

Assumptions and uncertainty. Our analysis made several key assumptions. We 
assumed that the participants did not leave their residence during the exposure 
period of ten years. Due to the paucity of ground-based PM2.5 composition 
measurements across India, we could only use datasets from a few cities for the 
validation of MERRA-2 species data. Even in the literature, composition data 
were available for only 13 cities. We assumed that the validation of MERRA-2 
reanalysis and model data with the limited in-situ data was adequate. While doing 
the NCAP policy analysis, we assumed a uniform 30% reduction throughout 
the districts of the country to calculate the resultant anaemia prevalence. Since 
our study utilizes NFHS-4 data for health outcomes and the survey period was 
2015–2016, we considered both models (WRF-CMAQ and GEOS-chem) to be 
representative of the study period. This also allowed us to assess the robustness 
of the sectoral priority. Also, there was no specific national emission inventory 
available to carry out the task for 2015–2016, so we used both the models in 
our study. We matched the sectors to generate similar and comparable sectoral 
categories in the two model outputs. Also, the ‘other’ sector in the GEOS-chem 
model was generated by subtracting all the contributing sources from the total 
PM2.5 concentration. This ‘other’ category was a bigger fraction that was not 
separately accounted for, including anthropogenic mineral matter, natural dust, 
residential lighting (kerosene lamps), informal industry (food and agro-product 
processing), waste burning and fugitive dust. It contributed to a 30–50% fraction 
of different grids.

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

Data availability
The satellite-based PM2.5 data that support the findings of this study are available 
in the Code Ocean database (https://codeocean.com/capsule/5860976/tree). 
The MERRA-2 reanalysis data were retrieved from https://gmao.gsfc.nasa.gov/
reanalysis/MERRA-2/. The model data used in this study are available from the 
corresponding author on reasonable request. DHS data source: https://www.
dhsprogram.com/data/available-datasets.cfm.

Code availability
The code that supports the findings of this study is available in the Code 
Ocean database (https://codeocean.com/capsule/5860976/tree) and from the 
corresponding author on reasonable request.
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