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Source-specific fine particulates
emission linked to prevalence of
ophthalmic cases in India
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Particulate Matter (PM) pollution is a prime component of air pollution and poses a substantial risk

to human health, including the eye. This work envisioned to show the impact of PM, . pollution on

the Ophthalmic disease prevalence in India. This national-level observational-based cross-sectional
retrospective study included the hospital-reported ophthalmic outpatients in 2019-20. The sector-wise
high-resolution (0-1° x 0-1°) PM, . emission data along with the annual average PM, . concentration
data for 2019 from NASA is adopted for the risk factor analysis. Nearly 32-6 million footfalls are
recorded in various hospitals due to ophthalmic morbidity in 2019, out of which surprisingly ~ 80%

of cases are registered in rural India. Half of the total ophthalmic disease burden comes from the top
100 districts out of the total 720 districts in India. The inferential analyses depicted a statistically
significant positive correlation (r=0-54, 95% CI 0-48 - 0-59, P<0-001) between the PM, . emission and
ophthalmic outpatients. The risk of eye disease in the exposed rural population is 4 times higher than
the unexposed population 4-19 (4-19 - 4-2). The PM, . emission from household cooking activity shows
a greater correlation (r>=0-28, 95% CI 0-22 - 0-35, P<0-001) with the occurrence of ophthalmic cases

in India followed by incense stick and mosquito coil burning (r?=0-28 (0-22 - 0-34)), and transportation
(r2=0-24 (0-18 - 0-29)). The meteorological parameters like temperature and humidity show very little
association and precipitation shows a negative correlation with the number of ophthalmic outpatients
in India. This study suggests that surface emission data could be a potential tool to link prevailing
diseases in India.

Clean air is a fundamental right for a healthy life, but unfortunately, almost the entire population breathes
unhealthy air due to rapid changes in air quality across the globe. 9 out of 10 people reside in polluted regions,
causing approximately ~ 7 million deaths a year worldwide'. It is evident from recent studies that considerable
attention has been paid to understanding the long and short-term effects of exposure to ambient and indoor
air pollution on human health?->. Specifically, particulate matter (PM) pollution is exacerbating mortality and
morbidity all over the world®-!!. In India, the sources of PM include sectors like vehicular activity, resuspended
road dust, coal combustion in power plants and industries, brick kilns, solid fuel in cooking activity, municipal
solid waste burning, crop residue burning, etc!>-!4.

Air pollution is responsible for and aggravates various diseases linked to internal organs like cardiovascular,
respiratory malfunction, maternal complexities and metabolic issues™!'>~'”. Similarly, it also immensely affects
external organs like the eyes, which are directly and uninterruptedly exposed to contaminants for a prolonged time
in polluted areas. As per the GBD 2019 dataset, after China, India placed second in ophthalmic cases prevalence
in the world with ~18-4 cr cases annually'®. The eye’s outermost portion, the ocular surface is comprised of
the surface and glandular epithelia of the cornea, lacrimal gland, conjunctiva (mucous membrane), accessory
lacrimal glands and meibomian gland, the eyelashes with the glands of Moll and Zeiss and the nasolacrimal duct.
Any irregularity due to air pollutants in the operation of these leads to ophthalmic complexities. The most typical
condition found in optical patients is conjunctivitis'>*’. Long-term exposure to airborne pollutants promotes
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cellular damage, including hyperplasia of epidermis goblet cells on the surface of the eye?!. The untreated chronic
conjunctivitis could lead to severe dry eye syndrome, an increased propensity for conjunctival superinfection,
and corneal complications. According to Fujishima et al. (2013), gasoline engine exhaust triggers inflammation
in the conjunctiva by causing the epitheliums cells to express more cytokines, chemicals, and growth factors?2.
A couple of studies conducted in developed countries like China and Canada confirmed the increased number
of outpatients is positively associated with the concentration of PM?*?%, The cornea is continuously exposed
to particulates that stimulate oxidative stress, eventually damaging the cornea and causing vision impairment.
A study reveals that fine particulate matter like PM, . (PM <2-5 um) damages the DNA and deteriorates the
functioning of corneal epithelium cells, acting as a genotoxic between 20 pg/mL to 200 pug/mL concentration?.
Ambient particulate matter is responsible for various ophthalmic conditions like Cataracts, Glaucoma, Age-
related macular degeneration, neoplasia etc?.

There are a couple of existing research-based evidence establishing the negative effects of air pollutants
like PM on human eye health in India?’->2. Most of the above studies investigated the regional scale/local air
pollution level and its relationship with a particular kind of eye disease prevalence. Moreover, the satellite-
retrieved or model-simulated PM concentrations considered in the above studies do not give the role of source
types responsible for eye disease in that particular region. With the lack of sectoral pollutant load information
which is vital for a country like India, where the cultural and lifestyle-related regional sources play an important
role in disease prevalence. Moreover, the spatial pattern of sources keeps on changing with culture/lifestyle,
fuel consumption pattern and energy needs. Recent studies suggest that windblown road dust emerged as the
largest source of PM,; in the national capital megacity Delhi, unlike transport in Kolkata and Bengaluru'***34,
In order to understand the role of each source type responsible for ophthalmic disease prevalence, high-
resolution emission inventory could be a wonderful tool, which gives accountability of pollutants and their
corresponding sources along with quantitative information across the country. The present study is a first-of-
its-kind cross-sectional investigation to establish the association of source-wise PM, . emission load across the
country and reported ophthalmic outpatients’ data in India. In order to strengthen the analysis, satellite-derived
national-level PM concentration and effect of meteorological parameters are also analysed. We have performed
a statistical analysis to calculate the correlation, and analytic epidemiological studies to determine the odds ratio
and attributable proportions.

Methods

Study population and data collection

In this national-level observational-based cross-sectional retrospective study we have included the ophthalmic
outpatients attending public or private hospitals in 2019-20. The regional (i.e. district-level) ophthalmic outpatient
data are retrieved from the Ministry of Health and Family Welfare (MoHFW) (https://main.mohfw.gov.in/),
released under the National Data Sharing and Accessibility Policy (NDSAP)*. Any identifiable parameter about
the patient’s information has been excluded and was not considered for the analysis. A total of 32-59 million
footfall has been registered in tertiary and secondary hospitals due to some ophthalmic morbidity between April
2019 and March 2020. The monthly ophthalmic outpatient data is utilized for spatiotemporal trend analysis with
PM,,  pollution load in the country. The age variability of ophthalmic disease onset has been retrieved from the
census 2011 and extrapolated to 2019-20 (https://censusindia.gov.in/census.website/data/census-tables).

Exposure assessment

We have adopted an updated high-resolution (0-1° x 0-1°) IPCC-defined tiers IT and III bottom-up approach based
national EI of PM, .. An El is a broad catalogue of the amount of air pollutants emitted into the atmosphere, as
aresult of a distinctive anthropogenic or natural process in a specific geographical region during a specific time.
The above EI includes activity data for 16 major and fugitive emission sources and country-specific emission
factors are adopted to improve the estimation for 2019-20. Sectors like transportation, resuspended road dust,
industry, power plant, residential and others comprising fugitive point sources like incense stick burning,
cigarette burning, crematorium etc. are accounted for emission load estimation. The aggregated emission (E)
from all individual sources is calculated as per the equation.

EZZiZjFi,j [Z kEfi,j,kPi,j,k:| (1)

where, i,j, k=Fuel type, sector, technology, E = Total emission, F = Sector and fuel specificamount, Ef = Technology
specific EFs, P =fractional part of fuel for a sector with particular technology, where > P =1 for each fuel
and sector.

The annual average PM, . concentration data for 2019 is collected from the Socioeconomic Data and
Applications Center (SEDAC), NASA?. This dataset retrieved the Aerosol Optical Depth (AOD) by combining
multiple satellite algorithms. It includes data from the NASA MODerate resolution Imaging Spectroradiometer
Collection 6-1 (MODIS Cé6-1), MODIS Multi-Angle Implementation of Atmospheric Correction Collection
6 (MAIAC C6), Multi-angle Imaging Spectro Radiometer Version 23 (MISRv23), and the Sea-Viewing Wide
Field-of-View Sensor (SeaWiFS) Deep Blue Version 4. The dataset is used to relate the total column of aerosol to
the surface-level PM, . concentrations using the Goddard Earth Observing System - Chemistry model (GEOS-
Chem).

Meteorological parameters
The effect of meteorological parameters like temperature, precipitation and humidity on modulating ophthalmic
disease outpatients have been analyzed in this study. The temperature data has been retrieved from the MOD11A1
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V6.1 dataset, which provides global land surface temperature data at 1 km resolution for 2019. The precipitation
and humidity data have been accessed from the Reanalysis Data Services by the National Centre for Medium-
Range Weather Forecasting (NCMRWF), Ministry Of Earth Sciences, Government Of India (https://rds.ncmr
wf.gov.in/dashboard/download). The downloaded datasets are prepared according to the requirements of the
GIS-based statistical software ArcGIS 10.6 (https://www.esri.com/en-us/home).

Statistical analysis
The published gridded PM, , emission data® is scaled down to district-level emission using geographical
information-based tool to establish the exposure-response relationship. Similarly, the satellite-derived annual
average PM, . concentration data are adopted to differentiate between exposed and unexposed regions across the
Indian subcontinent where the PM, . concentration greater than the National Ambient Air Quality Standards
(NAAQS) i.e., > 40 pg/m? is regarded as the exposed regions and people residing there are termed as the exposed
population and rest are regarded as unexposed population. The PM, . exposure regions and their sources are
identified from the high-resolution PM, , emission inventory where the relative contribution of 16 anthropogenic
sectors is established and quantified. The schematic diagram of the methodology is presented in Fig. 1. The state-
wise crude prevalence rate and direct age-standardized prevalence rate is estimated and presented in Fig. 2d, e.
In order to establish the ophthalmic disease prevalence, the descriptive statistics for the demographic data are
expressed as mean + Standard deviation, median and interquartile range. To strengthen the analysis, Pearson’s
correlation coefficient is carried out to establish the association between PM, ., ophthalmic outpatients,
temperature, precipitation and humidity. Linear regression analysis is also carried out using the MedCalc software
22.0 (https://www.medcalc.org/). The two-sided p-value of <0-001 is considered statistically significant and r
values < 0-12 signified low, 0-13 to 0-25 signified medium and > 0-26 signified higher association®”. Moreover, The
results are compared with the Global Burden of Disease (GBD) data-2019.

Results

In this national-level cross-sectional study, ~32-59 million ophthalmic outpatient data are taken into account,
where more than 80% have rural occurrence. Interestingly, due to the streamlined public healthcare infrastructure
and medical consultation fee exemption, nearly 95% of the footfall for ophthalmic diagnosis in the country is
well-recorded in public hospitals®. The district-wise spatial map of the number of ophthalmic outpatients per
10 km? seeking medical advice is presented in Fig. 2a. The highest number of Ophthalmic outpatients was
recorded in the districts of Central Delhi followed by Jaipur (Rajasthan), Bangalore (Karnataka), Prayagraj (Uttar
Pradesh), Mumbai suburban (Maharashtra) and so on. Interestingly the top 100 districts out of 720 districts
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Fig. 1. Schematic representation of the data generation and analysis process.
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Fig. 2. (a) District-wise number of ophthalmic outpatients/10 km?. (b) Spatial variation of ophthalmic
prevalence in the country in 2019-20. (¢) Temporal variation of number of ophthalmic outpatients in India.

(d) State-wise gender-specific crude prevalence rate of ophthalmic cases in various age groups. (e) Comparison
of crude prevalence rate and age-standardized prevalence rates of State & UTs. (Figures are generated using
software (a) ArcGIS 10.6 (https://www.esri.com/en-us/home), (b, ¢, d, e) Origin 2022 (https://www.originlab.c

om/))

share nearly 50% of the total ophthalmic outpatients in the country. The prevalence rate of ophthalmic morbidity
varies significantly across the country where the source of air pollutants is also very diverse. We have categorized
all the states into 6 different regions viz. North, South, East, West, Northeast and Central. The highest mean
prevalence is observed in the Southern region and the lowest is found in the Central region as shown in Fig. 2b.
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Figure 2. (continued)

The seasonal variation of the occurrence of ophthalmic-related cases is higher in March in the year 2018-19
and July in 2019-20 with nearly 10% of the total cases in the respective years. The lowest ophthalmic cases are
recorded in the month of April 2018-19 and March 2019-20 with 7-3% and 6-6% of the total cases respectively
as shown in Fig. 2c.

The state-wise gender-specific crude prevalence of ophthalmic disease with varying age groups is estimated in
this study. As depicted in Fig. 2d, the incidence of eye diseases escalates with advancing age. High-altitude states
such as Himachal Pradesh, Sikkim, and Jammu & Kashmir exhibit a higher prevalence of ophthalmic cases.
Furthermore, the data reveals that females in nearly all states are more prone to ophthalmic diseases than males.
Alarmingly, more than half of the states, report a prevalence rate exceeding the national average. Conversely,
Fig. 2e presents age-standardized prevalence rates (ASPR) per 100,000, indicating that union territories (UTs)
demonstrate a higher prevalence due to the elevated number of ophthalmic cases, despite having a lower
population across age groups. The North-Eastern states exhibit a higher age-standardized prevalence than the
crude rate, suggesting that the inhabitants are more susceptible to developing ophthalmic diseases compared to
the rest of India.

In the present study, the PM, . emission burden in the year 2019-20 is considered from published dataset
and presented in a high-resolution (0-1° x 0-1°) gridded map (Fig. 3a). The calculated total emission is found
to be ~8:32 Tg/yr of PM, , emitted from 16 major and unattended anthropogenic sources over ~30,000 grids
using the statistical model. The satellite PM, ; data retrieved from the SEDAC, NASA is presented in Fig. 3b. The
maximum emission load is recorded from the Indo-Gangetic plain and Southern India as depicted in both maps.
Aggravations in anthropogenic activities like transportation, industries, crop residue burning, and residential
activities are responsible for increased PM, . emissions in the regions. Figure 3c shows the fuel-specific
contribution to the annual PM, . emission in India. Biomass burning such as wood, crop residue burning, and
cow dung is the major source of PM, . emissions followed by fossil fuel consumption in vehicles, industry and
power plants.

The univariate linear regression analysis presented in Fig. 4a showed that an increase in the PM, . emission
burden will lead to prolonged exposure to a larger population and is associated with the intensification of
ophthalmic cases in India. The slopes of association between district-wise PM, . and district-wise Ophthalmic
outpatients suggested a significant positive correlation (r=0-54, 95% CI 0-48-0-59, P<0-001). However, the top
20 districts with the highest ophthalmic cases show a greater association (r=0-74, 0-43-0-89, P<0-001) with the
PM emission. An increase of 1% in the PM, . emission burden is responsible for nearly 0-25 million Ophthalmic
cases in the country. However, the association between PM, . concentration and ophthalmic cases as shown
in Fig. 4b is not statistically significant (r=0-07, -0-002-0-15, P=0-06). Figure 4c illustrates the relationship
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Fig. 3. (a) Spatial distribution of PM, . Emission in 2019-20 (t/yr). (b) Spatial distribution of PM, .
concentration in 2019 (ug/m?). (c) Relative contribution of various activities in PM, . emission in India.
(Figures are generated using software (a, b) ArcGIS 10.6 (https://www.esri.com/en-us/home), (c) Origin 2022
(https://www.originlab.com/))

between PM, . Emission load and PM, . concentration which depicts a moderate correlation among them
(r=0-35, 0-29-0-42, P<0-001). The relationship between the meteorological parameters like temperature,
precipitation and humidity with ophthalmic outpatients are presented in Fig. 4d-f respectively. Temperature
shows a statistically significant low association with the onset of ophthalmic cases (r=0.15, 0.08-0.23, P<0.001).
Unlike temperature, precipitation shows a negative association with the occurrence of ophthalmic cases in India
(r=-0.13,-0.21- -0.06, P<0.001). The correlation between the number of hospital footfalls and humidity is very
low and not statistically significant (r=0.09, 0.01-0.16, P=0.02). Figure 4g illustrates the correlation matrix
of meteorological parameters and air pollution with the number of ophthalmic outpatients. The multivariate
analysis shows the multiple correlation coefficient (r) is 0.52 in which the PM, ; emission load is only statistically
significant among all the parameters. The partial regression coefficients of PM, . emission, humidity, temperature,
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and precipitation are 0.49, 0.03, 0.05, and 0.08, respectively. As shown in Fig. 4h, it is evident that the maximum
number of eye diseases recorded in the districts having 10,000 to 15,000 t/yr of PM, . emissions. Districts/
megacities like Central Delhi, Bangalore, Mumbai, and Varanasi fall in this category, and it is noticed that the
onset of eye disease is higher in these districts.

The prime importance of considering the emission inventory in health analysis lies in the understanding of
source-specific regional/local level emission load and its relationship with disease exacerbation in a particular
geographic area. In the analysis, all 16 types of major and unattended sources demonstrated their association
with the onset of Ophthalmic cases across the country. Sectoral attribution as shown in Table 1, depicts that
household cooking activity shows a greater correlation in the overall and rural occurrence of ophthalmic cases
followed by indoor sources like smoking activities, incense stick and mosquito coil burning followed by outdoor
sectors like the solid waste burning, street food vendor and transport are the other major sectors that shows
good correlation.

On the basis of satellite based derived PM, . concentration data, districts are identified where the annual
average PM, ; pollution levels greater than the NAAQS level i.e., 40 ug/m’. People residing in those districts
are considered exposed populations and the rest are considered unexposed populations (Table 2). The
epidemiological analysis is carried out based on the above scenario and presented in Table 3.

Discussion

This first-of-its-kind national-level observational-based cross-sectional retrospective study demonstrates the
relation between the onset of ophthalmic cases and sectoral PM, . emission load. The study established that
there is a significant correlation between PM, . emission and eye disease i.e., with an increase in PM, . emission
load there is a sizable chance of ophthalmic disease occurrence. It is observed that the prevalence of ophthalmic
cases is prominent in the Southern part of India where industrial activities are dominating in contrast to
transportation and residential sources in the rest of India. The monthly variation of the number of eye patients
showed that there is a steady increase in cases with the onset of the winter season in both the years 2018-19
and 2019-20. In winter months, there are many new sources are added like brick kilns, crop residue burning in
Northern India, waste burning, festivals, road dust, and cooking activities along with traditional sources like
transport and industrial etc. Due to dry air in the winter season, the effect of PM, . becomes harsher, imposing
a greater risk to eye health.

In the month of May to July, there is also an increased number of eye disease cases recorded as it is observed
that industrial, transport and power are dominating followed by forest/biomass burning. There are summer
holidays in those months, so outdoor activity of children increases during that period. Similarly, an exacerbation
in eye health can be noticed in the month of September to November as the festive season in India is observed
resulting in an increase in indoor cooking activities, outdoor activities, biomass and crackers burning, solid
waste burning, road dust construction activities and transportation. With the increasing trend of emissions, it is
found that there is a nearly 15% increment in ophthalmic cases compared to the previous year. However, March
2020 shows a steep decrease in ophthalmic cases as there is a lockdown imposed across the country at the onset
of the COVID-19 pandemic. Figure 5 shows the spatial variation of state-wise prevalent Ophthalmic cases per
10 km? and 100,000 population and its comparison with the GBD-2019 data depicted in the map. There are
slight disparities that can be noticed between the current study and the GBD study. However, the total number
of cases reported in the GBD-2019 study is nearly 6-fold (184 million) of the national level data recorded by
MoHFW!8, The states having lower populations like Union Territories, Sikkim, Jammu & Kashmir are showing
a higher prevalence ratio.

Further, the satellite-based PM, . concentration data and eye disease prevalence are compared and related,
which shows a very nominal correlation between them. Moreover, it does not provide any source-specific
information that has closely linked with impact on health. In that case, emission inventory can provide both
spatial and temporal variation of source-specific pollutant data. The emission inventory of PM, . shows
a significant association with the number of ophthalmic outpatients across the country. In urban regions
transportation, construction activity, solid waste burning and street food vendors and in rural areas road dust,
brick kilns, biomass as cooking fuel, smoking, incense stick and mosquito coil burning are the sectors that
predominately contribute to the PM, . emission and have shown a greater correlation with the rising eye disease.

It is also observed that the risk of ophthalmic disease in the rural is relatively higher than the urban. The risk
of eye disease in the exposed rural population is 4 times higher than the unexposed population. Unlikely, in
urban regions, both exposed and unexposed populations are equally vulnerable to eye disease. The contribution
of PM, . in developing ophthalmic morbidity in rural populations is more than 70%, which rose to nearly 77%
in the exposed rural people. It is also inferred from the above study that the districts having PM, . emissions
load of range 5000 to 20,000 t/yr account for more than 60% of the total ophthalmic outpatients. However, there
is no significant association found between the PM, . concentration and the number of Ophthalmic outpatients.
This is the first-ever attempt to establish a nationwide study by analyzing the effect of PM, . exposure on the
onset of Ophthalmic cases in India. However, there are several regional-level studies present, in which the
effect of PM, ; on eye health is studied. Das and Basu (2021) studied the effect of various meteorological and
atmospheric pollutant parameters on the eye health of patients (<21 years age) in Hyderabad. Their findings
show no statistically significant correlation present between the PM, . concentration and Allergic eye disease
(r?=0-15, P=0-2118).3! According to the report of the ICMR-EYE SEE Study conducted by Tandon et al. (2020),
Aerosol Optical Depth (AOD) has a possible positive correlation with the onset of cataracts in people (>40
years age) in Delhi, Guwahati and Prakasam®. Gupta et al. (2002) demonstrated the association between air
pollution and subclinical ocular surface. The clinical parameter like tear film break-up time was significantly
reduced in the exposed group than in the unexposed group?®. Similarly, in a population-based cohort study
comprising people from Northern and Southern India of >60 years old, Ravilla et al. (2016) established that
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«Fig. 4. Scatter plot of (a) PM, . Emission load and number of Ophthalmic outpatients, (b) PM, .
Concentration and number of Ophthalmic outpatients, (¢) PM, ; Emission load and PM, , Concentration, (d)
Temperature and number of Ophthalmic outpatients, (e) Precipitation and number of Ophthalmic outpatients,
(f) Humidity and number of Ophthalmic outpatients, (g) Correlation coeflicients heatmap of all the variables,
(h) PM, , emission and corresponding onset of Ophthalmic outpatients in India. (Figures are generated using
software (a, b, ¢, d, e, f) MedCalc software 22.0 (https://www.medcalc.org/), (g, h) Origin 2022 (https://www.or
iginlab.com/))
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Figure 4. (continued)

women using biomass for cooking activity are three times more vulnerable than women cooked with cleaner
fuel. A statistically significant association was found between PM, . and cataract eye disease among the study
population®. Krishnan et al. (2019) studied the exacerbation of eye illness due to exposure of PM, ., which
is statistically significant as well in the study population aged 21-30 years for over 6 months in Kodungaiyur,
Chennai®.

Unlike other studies, the current findings established that the source-specific PM, . emission pattern has a
positive relationship with eye disease. The present study features significant strengths, including a robust sample
size and a longitudinal cohort design. Present investigation establishes the correlation between the prevalence of
Ophthalmic disease and the impact of sectoral PM, . exposure across India. We acknowledge there may be some
lacunas in our stud;, firstly, the study design was cross-sectional. Thus, the results do not provide conclusive
evidence for a cause-and-effect relationship. Secondly, the monthly variations of PM, . emission and its
association with corresponding ophthalmic cases are not considered for the analysis. Thirdly, the effect of other
comorbidities is also not taken into account. Despite the limitations, this study is important as the developed
dataset will be used to locate the emission hotspots of PM, . and better quantify the role of different natural and
anthropogenic sources and their impact on eye health.

Conclusion

The current approach aimed at describing the association of sectoral PM, . emission load with ophthalmic cases
across India. The spatial pattern of ophthalmic disease occurrence illustrated that Southern India is the most
vulnerable as compared to the rest of the country. The age-standardized prevalence rate suggests that people
residing in high-altitude regions like North and North-east India and the UTs are more susceptible to developing
eye disease. It is also evident from the analysis that ophthalmic disease becomes more prevalent with advancing
age and females are the vulnerable group in almost all states. The sectoral emission suggested that residential
cooking activities, solid waste burning, transportation and wind-blown road dust are the major sources
responsible for the onset of ophthalmic disease. The findings demonstrated that a reliable emission inventory
with detailed sectoral pollutant load could be the first line of scientific tool for health study in a country like
India to counter the scarcity of air quality monitoring networks. The satellite-derived PM, . concentration is
not found statistically significant and has a very nominal correlation with eye disease prevalence. The sectoral
contribution of the disease prevalence dataset can be used for the benefit of policymakers and facilitate advanced
technological mitigation measures to curtail the impact of specific sectors to control adverse health effects in a
particular region.
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Sources Total Urban Rural
Waste to energy plants 0-06 (0-03,0-1) | 0-09 (0-06, 0-14) | 0-03 (0-01, 0-05)
Crematorium 0-05 (0-02, 0-08) | 0-04 (0-02, 0-08) | 0-03 (0-01, 0-06)

Incense stick and mosquito coil

028 (0-22, 0-34)

0-18 (0-13, 0-23)

0-24 (0-18, 0-3)

Brick kilns

0 (0, 0-01)

0 (0, 0-01)

0 (0, 0-01)

Construction activity

0-13 (0-09, 0-18

0-15 (0-11, 0-21)

0-07 (0-04, 0-11)

Solid waste burning

0-16 (0-12, 0-22)

Other

0-12 (0-08, 0-17

0-11 (0-07, 0-15)

0-08 (0-05, 0-12)

)

024 (0-18,0-29) | 0-19 (0-14, 0-25)
)
)

Industries 0-19 (0-14, 0-25) | 0-2 (0-14,0-25) | 0-11 (0-07, 0-16)
Thermal power plant 0 (0, 0-01) 0(0,0-01) 0 (0, 0-01)
‘Wind blown road dust 0-21 (0-16, 0-27) | 0-18 (0-13, 0-24) | 0-14 (0-1, 0-19)
Transportation 0-24 (0-18,0-29) | 0-18 (0-13,0-25) | 0-17 (0-12, 0-22)
Slum 0-17 (0-12, 0-22) | 0-18 (0-13, 0-24) | 0-09 (0-05, 0-13)
Household 0-28 (022, 0-35) | 0-18 (0-13,0-23) | 0-24 (0-18, 0-3)
Diesel generator 0-13 (0-08, 0-18) | 0-1 (0-06, 0-15) | 0-09 (0-05, 0-13)
Crop residue burning 0-02 (0, 0-04) 0 (0, 0-01) 0-03 (0-01, 0-06)
Street food vendor 0-24 (0-18, 0-29) | 0-18 (0-13, 0-24) | 0-17 (0-12, 0-22)
Residential 0-17 (0-12, 0-22) | 0-11 (0-07, 0-15) | 0-13 (0-09, 0-18)
Total 0-29 (0-23, 0-35) | 0-25(0-19,0-3) | 0-19 (0-14, 0-25)

Table 1. Correlation (r?) between source-specific PM, , emission load and Ophthalmic cases in Urban and

Rural India. #Coefficient of determination (r?) (95% Confidence Interval).

Total Urban Rural

Disease No disease Di No di Di No disease
Exposed 30,029,787 | 1,073,031,845 | 5,821,801 | 450,716,656 | 24,207,986 | 622,315,189
Unexposed | 2,556,791 | 267,101,507 349,864 22,086,033 | 2,206,927 | 245,015,474

Table 2. Population statistics of the study design.
Total Urban Rural

Risk in exposed 2:72% (272, 2-72) 1-28% (1-27, 1-28) 3.74% (374, 3-75)
Risk in unexposed 0-95% (0-94, 0-95) 1-56% (1-55, 1-57) 0-89% (0-89, 0-89)
Overall risk 2:37% (2:37,2:38) 1:29% (1-29, 1-29) | 2:96% (2:95, 2:96)
Risk ratio 2-87 (2-87, 2-88) 0-82 (0-81, 0-82) 419 (4-19,4-2)
Risk difference 1.77% (1.77, 1.78) -0-28% (-0-29, -0-28) | 2-85% (2-85, 2-86)
0dds ratio 2:92 (2:92, 2:93) 0-82 (0-81, 0-82) 4.31 (431,4.33)

Etiologic fraction in population

60-63% (60-59, 60-68)

17-6% (17-33, 17-86)

70-42% (70-39, 70-46)

Etiologic fraction in exposed population

65-8% (6575, 65-84)

18-46 (18-18, 18-74)

76-84 (76-81, 76-88)

Table 3. Epidemiological analysis of PM, . exposure and ophthalmic disease prevalence across the India. (95%
Confidence Interval)
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Fig. 5. (a) State-wise ophthalmic outpatient prevalent cases per 10 km? in current study (b) State-wise
ophthalmic outpatient prevalent cases per 100000 population in GBD-2019 study. (Figures are generated using
software (a) ArcGIS 10.6 (https://www.esri.com/en-us/home), (b) GBD 2019 (https://vizhub.healthdata.org/gb
d-compare/india#0))
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