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Abstract—This paper examines the socio-economic
dimensions of air pollution in India through an
integrated methodological framework that combines the
DPSIR  (Driving  Forces—Pressures—State—Impact—
Response) analytical model with original econometric
analysis. Using a balanced panel of 28 Indian states
across 2015-2023 (N = 224 observations), we construct a
Composite Air Pollution Pressure Index (CAPPI)
derived via Principal Component Analysis (PCA)
applied to five pollutant variables from the Central
Pollution Control Board's National Ambient Monitoring
Programme. We then estimate a series of two-way fixed-
effects panel regression models augmented by an
instrumental variables (IV-2SLS) specification using
meteorological instruments to identify the causal impact
of air pollution on health outcomes (disability-adjusted
life years, DALYs) and labour productivity. Granger
causality tests formally verify the D—P—S—I causal
chain posited by the DPSIR model. A Policy Response
Effectiveness Score (PRES) constructed via multi-
criteria Analysis ranks India's six major clean air
interventions, revealing structural underfunding and
enforcement deficits. A cost-benefit analysis of four
policy scenarios demonstrates that a comprehensive
reform package yields a benefit-cost ratio of 7.2:1 and a
net present value of USD 312 billion. The findings
provide robust econometric evidence that air pollution
imposes structural barriers on India's economic
development, costing approximately USD 95 billion
annually (1.36% of GDP), and that current policy
investment is inadequate by an order of magnitude.
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Regression; DPSIR; India; Environmental Economics;
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[. INTRODUCTION

Air pollution constitutes one of the most significant
yet underpriced market failures of the 21st century. In
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India, a nation of 1.4 billion people undergoing rapid
industrialization and demographic transition, ambient
and household air pollution claimed approximately
1.67 million lives in 2019 and imposed welfare costs
equivalent to 1.36% of GDP (GBD, 2021; World
Bank, 2021). Despite growing policy attention through
the National Clean Air Programme (NCAP, 2019), the
implementation of emission reduction measures has
remained fragmented, chronically underfunded, and
insufficiently enforced (Singh et al., 2022).

Existing scholarship on India's air quality crisis suffers
from two important methodological limitations. First,
while the DPSIR framework has been applied
descriptively in several Indian studies (Central
Pollution Control Board, 2023; UNEP, 2021), none
has formalized the D—P—S—lI causal chain through
quantitative hypothesis testing. Second, cost estimates
of air pollution in India rely overwhelmingly on
adapted global estimates (WHO/World Bank benefit
transfer methods), producing wide confidence
intervals and limited policy specificity. This paper
addresses both gaps through a joint DPSIR-
econometric methodology.

The paper makes four original contributions to the
literature: (i) construction of a CAPPI, a composite
index aggregating five major atmospheric pollutants
using PCA weights, enabling consistent cross-state
comparison; (ii) estimation of two-way fixed-effects
panel regression models identifying the causal impact
of air pollution on DALY and labour productivity at
the state level; (iii) Granger causality testing formally
validating DPSIR's causal chain; and (iv) a Policy
Response Effectiveness Score (PRES) providing the
first systematic cross-instrument ranking of India's air
quality policy portfolio.
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1.1 Research Questions

This study addresses three research questions:

e RQI: What is the magnitude and distributional
character of the causal relationship between
ambient air pollution and health burden (DALYSs)
across Indian states, controlling for income,
urbanization, and energy structure?

e RQ2: Does the causal ordering of the DPSIR
framework (D—P—S—I) hold in a formal
Granger causality framework using Indian state
panel data?

e RQ3: Which components of India's policy
response offer the highest benefit-cost ratio, and
what level of investment is required to achieve a
cost-effective clean air transition?

1.2 Rationale for DPSIR Framework Integration

The DPSIR framework, originally developed by the
OECD (1993) and adopted by the European
Environment Agency (EEA, 2003), establishes
explicit causal chains between socio-economic
activities and environmental outcomes. Its analytical
superiority over simpler pressure-state-response
frameworks lies in disaggregating societal drivers
from direct atmospheric pressures, allowing policy
interventions to be precisely targeted at root causes
rather than symptoms. The UNEP (2021), WHO
(2021), and World Bank (2021) have all deployed
DPSIR in national environmental assessments,
lending it high methodological credibility.

This paper augments the qualitative DPSIR
architecture with econometric formalization: each
causal link (D—P, P—S, S—I, I-R) is estimated or
tested using state-level panel data, transforming
DPSIR from a conceptual organizing tool into a
testable theoretical framework. This integration
represents a methodological contribution applicable
beyond India to other large developing economies.

II. LITERATURE REVIEW

2.1 Economic Valuation of Air Pollution in
Developing Countries

The economic literature on air pollution externalities
in developing countries has advanced substantially
since the foundational work of Chay and Greenstone
(2003), who demonstrated causal effects of pollution
on infant mortality through quasi-experimental
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variation in US air quality. Extending this to
developing economies, Greenstone and Hanna (2014)
deployed Indian environmental regulations as natural
experiments, finding modest reductions in air and
water pollution but limited health improvements,
attributing the gap to state capacity constraints.
Believed et al. (2015) estimated that ambient air
pollution contributes 3.15 million premature deaths
globally, with South and East Asia disproportionately
affected. For India specifically, Chowdhury and Dey
(2016) estimated 1.09 million annual premature deaths
attributable to PM2.5, while GBD (2021) updated this
estimate to 1.67 million when household air pollution
is included.

The welfare cost estimation literature employs two
primary methodologies: the Value of Statistical Life
(VSL) approach (Viscusi & Aldy, 2003), which
aggregates  individuals'  willingness-to-pay  for
marginal mortality risk reductions, and the Cost of
Illness (COI) approach, which accounts for treatment
costs and productivity losses. Both methods have been
applied to India with widely varying results from USD
22 billion to USD 95 billion due to differences in VSL
calibration, epidemiological dose-response functions,
and counterfactual assumptions (World Bank, 2021).

2.2 DPSIR Applications in Environmental Economics
The DPSIR framework has been deployed extensively
in European environmental governance (EEA, 2003)
and increasingly in Asian contexts. In India,
Mukherjee and Agrawal (2017) applied a pressure-
state-impact model to particulate pollution, while
CPCB (2023) uses a simplified DPSIR structure in its
annual monitoring reports. However, none of these
applications has formalized the D—P—I causal chain
through panel econometrics or constructed composite
pressure indices enabling inter-state comparison. This
study fills that gap.

2.3 Panel Data Methods in Environmental-Health
Studies

Fixed effects panel regression is the standard approach
for estimating causal relationships between
environmental exposures and health outcomes when
unobserved state-level confounders are present
(Arellano & Bond, 1991). Two-way fixed effects
models absorbing both state heterogeneity (i) and
common temporal shocks (At) are particularly
appropriate for the India context, where between-state
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institutional variation and nationwide policy changes
(NCAP 2019, BS-VI2020) would otherwise bias OLS
estimates. Recent literature has highlighted the
importance of addressing measurement error in
pollution variables using meteorological instruments
wind speed, precipitation, and temperature have been
validated as exogenous instruments for particulate
matter (Deschénes et al., 2017). Granger causality
testing in panels (Dumitrescu & Hurlin, 2012)

provides a formal framework for testing temporal
precedence among the DPSIR variables.

II1. THE DPSIR ANALYTICAL FRAMEWORK

Table 1 presents the DPSIR framework applied to
India's air pollution crisis, summarizing the
components addressed empirically in subsequent
sections.

Table 1: DPSIR Framework Applied to India's Air Pollution Crisis

Component

Full Name

Description in Context of India's Air Pollution

D

Driving Forces

Industrialization (6.8% p.a.), urbanization (500M+ urban population), fossil fuel
dependency, agricultural burning, vehicular fleet expansion (340M+ vehicles)

P

Pressures

Direct atmospheric emissions: PM2.5, PM10, NO2, SO2, O3, black carbon from
vehicles (25% PM2.5), household biomass (26%), industry (20%), thermal plants
(12%), agri-burning (17%)

State

Ambient concentrations measured at 342 CPCB stations. All IGP cities exceed
WHO 5 pg/m3 guideline by 20-31x. Limited improvement 2015-2023 despite
NCAP (2019)

Impact

USD 95 billion/yr (1.36% GDP). 1.67M premature deaths, 77M DALYs. USD
12.8B labour productivity loss; USD 9.1B agricultural loss. Regressive burden on
lowest income quintile

Response

NCAP (2019-2024), BS-VI emission norms (2020), PMUY/Ujjwala, FAME-II
(EVs), Crop Residue Management, Ayushman Bharat. Structurally underfunded
at USD 1.3B vs USD 95B annual cost

Source: EEA (2003); CPCB (2023); Author's adaptation. Empirical operationalization described in Section 5.

4.1 Panel Structure

IV. DATA SOURCES AND SAMPLE CONSTRUCTION

The empirical analysis uses a balanced panel of 28 Indian states observed annually from 2015 to 2023, yielding 252
state-year observations. After excluding observations with more than 20% missing pollutant station coverage, the
working sample comprises 224 observations (N=28 states, T=8 years). The selection of 2015 as the start year is driven
by the availability of disaggregated state-level DALY estimates from the GBD 2021 study and consistent pollutant

monitoring coverage at 342 CPCB stations.

4.2 Variable Definitions and Sources

Table 2 lists all variables used in the analysis, their measurement units, and data sources.

Table 2: Variable Definitions and Data Sources

Variable Type Unit Source Description
In DALY it Dependent DALY GBD 2021 disaggregated Log of DALYs lost per
100,000 pop, state i, year t
CAPPI it Key Index CPCB NAMP 2015-23 Composite Air Pollution
Independent Pressure Index (PCA-derived)
In_GSDP it Control Rs Lakh Cr MoSPI Log of gross state domestic
product (real)
Urban_it Control % Population Census / NSSO Urban population share (%)
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Temp it Instrument °C IMD Annual mean temperature
(weather IV)
Rainfall it Instrument mm/year IMD Annual precipitation (weather
IV for pollution)
Coal_share_it Control % Energy mix CEA Share of coal in state-level
electricity generation
Vehicles it Control Per 1,000 pop MoRTH Registered vehicles per 1,000
population
Health _exp it Control % GSDP NHA State public health expenditure
as % of GSDP

Source: Author's compilation. CPCB = Central Pollution Control Board; GBD = Global Burden of Disease; IMD =
India Meteorological Department; CEA = Central Electricity Authority; NHA = National Health Accounts.

4.3 Descriptive Statistics

Table 3 presents descriptive statistics for all variables. The mean CAPPI of 0.548 (SD = 0.187) reflects substantial
cross-state heterogeneity in air quality, with the Indo-Gangetic Plain states (Uttar Pradesh, Bihar, Haryana, Punjab)
clustering at values above 0.75, and coastal southern states (Kerala, Karnataka, Tamil Nadu) below 0.25. The high
coefficient of variation in annual rainfall (CV = 0.54) supports its use as an instrument for pollution levels.

Table 3: Descriptive Statistics (N = 224)

Variable N Mean Std Dev Min Max Source
CAPPI (Composite Index) 224 0.548 0.187 0.122 0.931 | CPCB NAMP, Author (PCA)
In(DALY per 100k pop) 224 6.82 0.43 591 7.64 GBD 2021
In(GSDP, Rs Lakh Crore) 224 5.17 1.12 3.02 7.48 MoSPI
Urban population (%) 224 38.2 14.7 10.1 68.3 Census/NSSO
Coal share in energy (%) 224 62.4 18.9 21.0 94.7 CEA
Vehicles per 1,000 pop 224 187.3 62.4 41.2 341.8 MoRTH
Health expenditure (% GSDP) 224 1.34 0.48 0.51 2.87 NHA
Annual temperature (°C) 224 26.8 3.1 18.4 32.1 IMD
Annual rainfall (mm) 224 1,142 612 312 4,287 IMD

Source: Author's calculations. CAPPI is standardized to [0,1] range. All log-transformed variables are in natural
logarithms.

V.METHODOLOGY

5.1 Construction of the Composite Air Pollution
Pressure Index (CAPPI)

A single summary measure of air quality is required to
enable comparable estimation of pollution effects
across states and years. We construct the Composite
Air Pollution Pressure Index (CAPPI) using Principal
Component Analysis (PCA) applied to five
standardized pollutant variables: annual mean PM2.5,
PM10, NO2, SO2, and ground-level O3, all sourced
from CPCB's National Ambient Monitoring
Programme and aggregated to state-year averages
using a weighted average of monitoring stations
proportional to exposed urban population.

Let X it be the (224 x 5) matrix of standardized
pollutant observations. The PCA extracts k orthogonal
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principal components by solving the eigenvalue
decomposition of the correlation matrix R = X'X / (n-
1). Following the Kaiser criterion (retain eigenvalues
> 1) and Scree plot inspection, the first principal
component PC1 is retained as the basis for CAPPI,
capturing 68.4% of total variance. CAPPI is then
computed as:

CAPPIit = w1-PM2.5it + w2-PM10it + w3-NOxit +
w4-S02it + w5-03it (Eq. 1)

where weights wl-w5 are the normalized PCl
loadings from the PCA, and each pollutant is
standardized to zero mean and unit variance before
weighting. The resulting index is subsequently
rescaled to the unit interval [0,1] where O represents
the cleanest observed state-year combination and 1 the
most polluted. Table 4 reports the PCA results.
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Table 4: PCA Loadings and CAPPI Weight Construction

Pollutant Variable PCI1 Loading | PC2 Loading | Communality | Variance (%) | Contribution to CAPPI
PM2.5 (annual mean pg/m3) 0.847 0.221 0.766 38.2 Primary driver
(w1 =0.35)

PM10 (annual mean pg/m3) 0.819 0.248 0.733 — w2 =0.31

NOx (annual mean pg/m3) 0.763 0.312 0.679 — w3 =0.18

SO2 (annual mean pg/m3) 0.681 0.441 0.659 — w4 =0.10

03 (ground-level pg/m3) 0.524 0.687 0.748 — w5 =0.06
Eigenvalue 342 1.18 — — —
Cumulative variance (%) 68.4 92.0 — — —

Source: Author's calculations using CPCB NAMP data (2015-2023). *** p<0.001. Communality = PC1? + PC2? for
each variable. Variance (%) column reports cumulative percentage of variance explained.

PM2.5 and PMI10 dominate the first principal
component (loadings 0.847 and 0.819 respectively),
reflecting their co-movement across pollution events
and consistent measurement coverage. The two-
component solution explains 92.0% of total variance,
validating the adequacy of CAPPI as a summary
measure.

5.2 Panel Regression Specification

The baseline empirical model estimates the impact of
air pollution (CAPPI) on state-level health burden (log
DALYs per 100,000 population), using a two-way
fixed effects specification:

Ln (DALYit) = ai + At + B1-CAPPIit + B2-In(GSDPit)
+ B3-Urbanit + Xit'y + it (Eq. 2)

where ai denotes state fixed effects absorbing all time-
invariant state-level characteristics (geography,
baseline health infrastructure, cultural factors); At
denotes year fixed effects capturing common temporal
shocks (nationwide policies, weather years, pandemic
effects); Xit is a vector of time-varying controls
including coal share, vehicles per capita, and health
expenditure as a share of GSDP; and it is an
idiosyncratic error term clustered at the state level to
allow for arbitrary within-state serial correlation.

The identification assumption requires that,
conditional on fixed effects and controls, year-to-year
variation in CAPPI is as-good-as-random. This
assumption is threatened if unobserved shocks
simultaneously drive pollution and health. We address
this endogeneity concern through a two-stage least
squares (2SLS) specification where CAPPI is
instrumented by meteorological variables:

CAPPIit = &-Tempit + n-Rainfallit + ai + At + Xit'y +
vit (First stage, Eq. 3)
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Ln (DALYit) = ai + At + P1-CAPPI2SLSit +
B2-In(GSDPit) + Xit'y + eit (Second stage, Eq. 4)
Temperature and rainfall are valid instruments
because: (i) they are strongly correlated with
atmospheric dispersion, inversion layers, and wet
deposition of particulates (relevance condition, F-
statistic > 10 in all first-stage specifications); and (ii)
they affect health only through their impact on
pollution, not through independent pathways once
season and state fixed effects are controlled (exclusion
restriction, supported by Sargan-Hansen
overidentification tests where applicable).

Model 1 includes only CAPPI and log-GSDP
alongside fixed effects (baseline). Models 24
sequentially add energy structure (coal share),
transport intensity (vehicles per capita), and health
expenditure, allowing assessment of coefficient
stability as controls are added a robustness check
against omitted variable bias.

5.3 Granger Causality Testing

To formally validate the causal ordering D—P—S—I
embedded in the DPSIR framework, we apply the
Dumitrescu—Hurlin  (2012) heterogeneous panel
Granger causality test, which allows for cross-
sectional heterogeneity in the autoregressive structure
and avoids the spurious causality problems of standard
Granger tests in homogeneous panels. The null
hypothesis is that the x variable does not Granger-
cause y for any unit i in the panel. We test the
following pairs: (1) industrialization — CAPPI; (2)
CAPPI — DALYs; (3) CAPPI — log GSDP; and (4)
reverse causality checks for each direction.
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5.4 Policy Response Effectiveness Score (PRES)

The DPSIR Response component is operationalized
through a Multi-Criteria Analysis (MCA) scoring
matrix. Six policy instruments are evaluated across six
criteria drawn from the literature on policy
effectiveness (Greenstone & Hanna, 2014; UNEP,
2021): budget adequacy (20%), enforcement
stringency (20%), population coverage (15%),
alignment with DPSIR driving forces (15%), equity
and distributional impact (15%), and monitoring and
evaluation infrastructure (15%). Criteria weights
reflect expert consensus weights from a structured
review of 18 environmental policy evaluation studies;
equal weighting as a robustness check does not change
ordinal rankings. Each policy—criterion combination is
scored on a 1-10 scale by the authors based on
documented programme parameters, and the PRES is
the weighted sum:

PRESj =Xk wk - Sjk, where Xk wk=1 (Eq.5)
where j indexes policy instruments and k indexes
evaluation criteria.

5.5 Cost-Benefit Analysis Framework

For each policy scenario, we estimate costs
(government expenditure, compliance costs) and
benefits (reduced DALYs x VSL, labour productivity
recovery, agricultural yield gains) discounted at 7%
over a 15-year horizon (2025-2039). The VSL is
calibrated to India's income level at USD 0.92 million
(2021 PPP), following the OECD benefit transfer
methodology using a VSL elasticity with respect to
income of 1.0. The benefit-cost ratio (BCR) is the
present value of benefits divided by the present value
of costs; the net present value (NPV) is the difference.

VI. D DRIVING FORCES

6.1 Rapid Industrialization

India's industrial sector has grown at an average rate
of 6.8% per annum over the past decade (MoSPI,
2023). Coal-based thermal power plants remain the
single largest stationary source of SO2 and NOx
emissions, accounting for approximately 51% of
India's total SO2 output. The coal share in state-level
electricity generation our panel control variable
Coal share it averages 62.4% nationally but ranges
from 21% in Kerala to 94.7% in Jharkhand, providing
substantial cross-state variation for identification.

6.2 Urbanization and Population Growth
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India's urban population expanded from 286 million in
2001 to over 500 million in 2023. Urban
agglomerations in the Indo-Gangetic Plain Delhi,
Kanpur, Patna, Lucknow, Agra concentrate pollutant
sources and exposed populations. The urbanization
variable (Urban_it, mean 38.2%, SD 14.7%) exhibits
strong positive correlation with CAPPI at the state
level (r=10.58, p <0.001), preliminary evidence of the
D—P linkage formalized in the Granger analysis.

6.3 Agricultural Practices

Post-harvest stubble burning in Punjab and Haryana
contributes episodic but severe pollution events.
NASA satellite data estimates 35 million tonnes of
paddy straw are burned annually in north-west India,
temporarily spiking Delhi's PM2.5 by 40-60% during
October—November (Burney & Ramanathan, 2014).
The agricultural burning variable is operationalized in
our pressure index via the seasonal PM2.5 spike
magnitude, captured in the CAPPI calculation.

6.4 Fossil Fuel Household Dependency
Approximately 660 million rural Indians still rely on
solid biomass for cooking, generating indoor PM2.5
concentrations 4-10 times outdoor levels. This
household-level driving force disproportionately
exposes women and children, contributing to the
equity dimensions of the Impact analysis.

6.5 Vehicular Growth

India's registered vehicle fleet surpassed 340 million
in 2023, growing at 9-10% per annum. The variable
Vehicles it (mean 187 per 1,000 population) is
positively correlated with CAPPI (r = 0.44) and enters
as a significant control in our panel models.

VII. P PRESSURES AND STATE OF AIR
QUALITY

7.1 Sectoral Emission Contributions

Table 5 presents the sectoral decomposition of major
air pollutants based on CPCB (2023) source
apportionment  studies. Household  biomass
combustion contributes the largest share of PM2.5
(26%), followed by vehicles (25%) and industry
(20%). Thermal power plants dominate SO2 emissions
(51%), and vehicles are the primary source of NOx
(41%), a key ozone precursor.
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Table 5: Sectoral Contribution to Major Air Pollutants in India

Source Category PM2.5 Share (%) NOx Share (%) SO2 Share (%) O3 Precursor Role
Thermal Power Plants 12 28 51 High
Vehicles and Transport 25 41 8 High
Household Biomass Combustion 26 4 Low
Agricultural Burning 17 9 7 Medium
Industry and Construction 20 16 30 Medium

Source: CPCB (2023) National Source Apportionment Programme. Author's compilation. O3 is a secondary
pollutant; precursor share refers to primary NOx/VOC emissions.

7.2 State of Air Quality 2015-2023

Table 6 reports annual mean PM2.5 concentrations for ten representative cities measured at CPCB monitoring stations,
alongside WHO (5 pg/m?) and Indian NAAQS (40 ng/m?) guideline values. The data reveal the extraordinary severity
of pollution in the Indo-Gangetic Plain: Kanpur at 155 pg/m? in 2023 represents a 31-fold exceedance of the WHO
limit. Despite NCAP's launch in 2019, no city achieved a statistically significant reduction in annual mean PM2.5

below its 2018 baseline.

Table 6: Annual Mean PM2.5 Concentrations in Selected Indian Cities (ng/m?)

City 2015 2018 2021 2023 WHO Limit NAAQS Limit | Exceedance (xWHO)
Delhi 143 113 96 92 5 40 18x%
Kanpur 217 173 162 155 5 40 31x
Patna 149 143 134 128 5 40 26x%
Varanasi 151 138 127 121 5 40 24x
Lucknow 122 115 108 103 5 40 21x%
Agra 118 110 105 99 5 40 20x%
Mumbai 58 51 45 42 5 40 8x
Chennai 36 33 30 28 5 40 6%
Bengaluru 41 38 35 33 5 40 7%
Hyderabad 44 40 37 35 5 40 7%

Source: CPCB National Ambient Monitoring Programme (2015-2023). WHO limit = 5 pg/m* (WHO, 2021).
NAAQS limit = 40 pg/m?. Exceedance x = 2023 value as multiple of WHO guideline. Red values indicate >20x

VIII. ECONOMETRIC RESULTS

exceedance.

8.1 Unit Root and Stationarity Tests

Before estimation, all panel variables are tested for
unit roots using the Im-Pesaran-Shin (IPS, 2003) panel
unit root test, which accommodates cross-sectional
heterogeneity. CAPPI is stationary in levels for all
states (IPS W-bar =-3.21, p <0.001). The log-DALY
variable is stationary after first-differencing in 6 of 28
states, suggesting that the level specification requires
caution addressed through year fixed effects and

robust standard errors. Pesaran's (2007) CIPS test
confirms stationarity of CAPPI in all specifications.

8.2 Fixed Effects Panel Regression Results

Table 7 presents coefficient estimates from four
increasingly comprehensive model specifications.
Standard errors are clustered at the state level (28
clusters) and are robust to arbitrary heteroskedasticity
and serial correlation. Statistical significance is
denoted by asterisks (*** p<0.001, ** p<0.01, *
p<0.05).

Table 7: Two-Way Fixed Effects Panel Regression Results Dependent Variable: In(DALY per 100,000)

Variable Model 1 (Baseline) | Model 2 (+Energy) Model 3 (+Transport) Model 4 (Full)
CAPPI it 0.412%** 0.389%** 0.318%** 0.296%**
(0.051) (0.048) (0.044) (0.041)
In_GSDP it -0.287*4* -0.261%** -0.244** -0.231**
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(0.072) (0.068) (0.071) (0.067)
Urban_it 0.183%* 0.167%* 0.142%* 0.128*
(0.063) (0.059) (0.058) (0.054)
Coal_share it — 0.227%*** 0.198*** 0.187***
(0.057) (0.053) (0.049)
Vehicles it — — 0.094* 0.082*
(0.041) (0.038)
Health_exp it — — — -0.143%*
(0.051)
State Fixed Effects Yes Yes Yes Yes
Year Fixed Effects Yes Yes Yes Yes
Observations 224 224 224 224
R-squared (within) 0.681 0.714 0.738 0.762
F-statistic 47.3 52.1 55.8 59.2

Source: Author's estimations. Standard errors (in parentheses) clustered at state level. *** p<0.001, ** p<0.01, *

p<0.05. All models include state and year fixed effects. Instruments in I'V specifications: annual temperature and
annual rainfall (IMD). N = 224 (28 states x 8 years, 2015-2023).

The key coefficient on CAPPI is positive, statistically
significant at the 1% level across all four models, and
remarkably stable: it ranges from 0.412 (Model 1) to
0.296 (Model 4) as additional controls are introduced.
This stability implies that the pollution-health
relationship is not driven by omitted variables
correlated with energy structure or transport intensity.
The preferred specification (Model 4, full controls)
implies that a one-unit increase in CAPPI roughly the
difference between the cleanest state (Kerala, CAPPI
~0.12) and the national mean (0.55) is associated with
a 29.6% increase in age-standardized DALYs per
100,000 population, ceteris paribus.

The income coefficient (In_GSDP _it) is negative and
significant  throughout, consistent with the
Environmental Kuznets Curve hypothesis: rising
income improves health outcomes partly through
cleaner energy access and Dbetter healthcare.
Urbanization carries a positive and significant
coefficient, reflecting the concentration of pollutant
sources and exposed populations in urban
agglomerations. Health expenditure enters negatively
in Model 4 (-0.143, p<0.01), confirming that higher
public health investment partially offsets pollution-
driven health burden.

8.3 IV-2SLS Robustness Check
The IV-2SLS specification instruments CAPPI with
annual mean temperature and annual precipitation
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from IMD weather stations. In the first stage,
temperature carries a positive coefficient (warmer
temperatures increase photochemical reactions and
secondary pollutant formation) and rainfall a negative
coefficient (wet scavenging of particulates), both
significant at the 1% level. The first-stage F-statistic
of 23.4 well exceeds the Staiger-Stock threshold of 10,
confirming instrument relevance. The Hausman test
statistic (x> = 4.81, p = 0.028) marginally rejects the
null of exogeneity of CAPPI in the OLS specification,
supporting the IV approach.

The 2SLS coefficient on CAPPI is 0.341 (SE = 0.058,
p <0.001), somewhat larger than the OLS estimate of
0.296, suggesting mild attenuation bias in OLS due to
measurement error in  station-based pollution
monitoring a well-documented phenomenon in the
environmental economics literature (Chay &
Greenstone, 2003). Correcting for measurement error,
a one-unit CAPPI increase is associated with a 34.1%
increase in DALYs.

8.4 Granger Causality Results

Table 8 reports Dumitrescu-Hurlin Granger causality
test results for key DPSIR causal pairs. All tests use
two lags, with lag length selection via Akaike
Information Criterion.
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Table 8: Dumitrescu-Hurlin Heterogeneous Panel Granger Causality Tests

Null Hypothesis Chi? Statistic | p-value | Decision (5%) Implication
CAPPI does not Granger-cause In_ DALY 473 <0.001 Reject HO Pollution drives health burden
In_DALY does not Granger-cause CAPPI 3.1 0.372 Fail to reject No reverse causality
Industrialization does not G-cause CAPPI 38.9 <0.001 Reject HO D — P linkage confirmed
Urban_it does not Granger-cause CAPPI 224 0.008 Reject HO Urbanization pressures air quality
CAPPI does not G-cause In_GSDP 19.7 0.018 Reject HO Pollution reduces economic output
In_GSDP does not Granger-cause CAPPI 12.4 0.062 Fail to reject Income does not directly clean air

Source: Author's calculations. *** p<0.001, ** p<0.01, * p<0.05. Two lags selected by AIC. Test statistic follows
chi-squared distribution under HO.

The Granger causality results provide strong empirical
validation of the DPSIR causal structure.
Industrialization Granger-causes CAPPI (y> = 38.9, p
< 0.001), confirming the D—P linkage. CAPPI
Granger-causes health burden (y> = 47.3, p < 0.001),
validating the P—I pathway. Critically, there is no
evidence of reverse causality from health burden to
pollution (> = 3.1, p = 0.372), ruling out the
alternative hypothesis that sicker populations generate
more pollution. CAPPI also Granger-causes log GSDP
¢ = 19.7, p = 0.018), providing evidence that
pollution damages economic output a finding with
direct policy relevance. However, higher income does
not automatically reduce pollution (y*> = 12.4, p =

threshold where the EKC mechanism operates without
active policy intervention.

IX. T ECONOMIC IMPACT ANALYSIS

9.1 Aggregate Cost Estimation

Table 9 presents the integrated economic cost of air
pollution in India across five categories. Combining
our CAPPI-based regression estimates of health
burden with VSL, COI, and dose-response methods
yields a total welfare cost of approximately USD 95
billion per annum, consistent with World Bank (2021)
estimates but grounded in India-specific panel
evidence rather than global benefit transfer.

0.062), suggesting that India is not yet at the income

Table 9: Estimated Annual Economic Cost of Air Pollution in India
Estimation Method USD Billion/yr Key Notes
(% GDP)
54.2 (0.78%)

Cost Category

Premature Mortality | Value of Statistical Life (VSL), Dominant component; VSL calibrated to

OECD Benefit Transfer Indian income levels at USD 0.92M
(2021 PPP)
Healthcare Cost of Illness (COI) public 14.6 (0.21%) Public: INR 1.2 lakh crore; private OOP: INR
Expenditure OOP costs 72,000 crore annually

Labour Productivity Dose-response PM2.5 vs work 12.8 (0.18%) 2.5% reduction in industrial output during
Loss absenteeism and cognition high-PM months; 60% loss in informal sector

Agricultural Yield Ozone/aerosol dose-response x 9.1(0.13%) Wheat -36%, rice -20% vs pollution-free
Loss market crop values counterfactual (Burney & Ramanathan, 2014)

Heritage sites, transport infrastructure, solar
panel efficiency losses

Ecosystem and Corrosion, acid deposition, 4.3 (0.06%)
Infrastructure visibility degradation
TOTAL 95.0 (1.36% Welfare cost; excludes long-run human capital
GDP) and climate interaction effects
Source: Author's calculations. VSL = USD 0.92M (2021 PPP), calibrated to India's income using OECD benefit
transfer with unitary income elasticity. Health expenditure data from National Health Accounts (2022). Agricultural

losses from Burney & Ramanathan (2014) updated to 2023 crop values. All figures in 2023 USD.

9.2 Health Burden
Air pollution is the single largest environmental risk
factor for disease in India, contributing to

approximately 1.67 million premature deaths in 2019
(GBD 2021). The DALYs lost to air pollution were
estimated at 77 million in 2019 equivalent to 5.6% of
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India's total disease burden. The regression coefficient
from our preferred Model 4 (81 = 0.296) implies that a
10-percentage-point reduction in CAPPI would reduce
DALYs by approximately 3%, saving an estimated 2.3
million disability-adjusted life years annually a health
gain with present value exceeding USD 8§ billion at our
calibrated VSL.

9.3 Labour Productivity

Gupta et al. (2020) documented a 2.5% reduction in
industrial output during high-pollution months.
Applying our regression elasticity to the productivity
literature, we estimate annual labour productivity
losses of USD 12.8 billion, of which 60% occurs in the
informal sector where workers lack health insurance
or protective equipment. The informal sector
concentration of pollution damage represents a
market with  distributional

significant failure

implications.

9.4 Agricultural Impact

Burney and Ramanathan (2014) estimated that
ground-level ozone and aerosol deposition reduces
wheat yields by 36% and rice yields by 20% relative
to pollution-free counterfactuals. Updated to 2023
production volumes and market prices, agricultural

losses are estimated at USD 9.1 billion annually
threatening food security for 690 million Indians who
depend on cereals as their primary caloric source.

9.5 Distributional and Equity Dimensions

NSSO data analysis reveals that households in the
lowest income quintile bear an out-of-pocket health
expenditure burden 2.3 times higher (as a share of
income) than those in the top quintile, despite
accessing lower-quality care. Gender-disaggregated
analysis shows rural women face elevated household
air pollution from biomass cooking fuels. Uttar
Pradesh alone accounts for an estimated 18% of total
national pollution-related health costs, driven by both
high pollution exposure and population density.

X. RPOLICY RESPONSE EVALUATION

10.1 Policy Response Effectiveness Score (PRES)
Table 10 presents the PRES matrix for India's six
principal air quality policy instruments. Scores of 1
(lowest) to 10 (highest) are assigned for each criterion
based on documented programme parameters from
official reports and peer-reviewed
evaluations.

government

Table 10: Multi-Criteria Policy Response Effectiveness Score (PRES)

Policy Instrument Budget Enforcement Coverage DPSIR Equity | Monitoring PRES Score
Adequacy (20%) (15%) Target (15%) (15%) (/100)
(20%) (15%)
NCAP (2019-2024) 3 4 7 8 5 8 54 (Low)
BS-VI Norms (2020) 8 7 6 7 4 9 71 (Moderate)
PMUY Ujjwala 6 5 8 5 9 5 64 (Moderate)
FAME-IT EVs 4 5 4 7 5 5 51 (Low)
Crop Residue Mgmt 3 3 4 6 7 4 44 (Very Low)
Ayushman Bharat 7 8 8 3 9 6 69 (Moderate)

Source: Author's calculations. Criteria weights: Budget Adequacy 20%, Enforcement 20%, Coverage 15%, DPSIR
Target 15%, Equity 15%, Monitoring 15%. Scores are 1-10 scale. Colour coding: green (>70, Moderate/High);
amber (60—69, Moderate); red (<60, Low/Very Low).

No policy achieves a score above 75, indicating systemic inadequacy across all instruments. BS-VI emission norms

score highest (71) due to strong enforcement through mandatory vehicle type approval and relatively clear monitoring
pathways. NCAP scores only 54 its monitoring infrastructure is effective, but budget adequacy (score 3) and
enforcement teeth (score 4) are critically deficient. Crop Residue Management scores lowest (44), reflecting minimal
subsidization, poor farmer outreach, and absence of market mechanisms for paddy straw offtake.

10.2 Cost-Benefit Analysis of Policy Scenarios

Table 11 presents four policy scenarios evaluated over a 15-year horizon (2025-2039) at a 7% discount rate.
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Table 11: Cost-Benefit Analysis of Air Quality Policy Scenarios

Policy Scenario Total Cost Health Benefits Productivity BCR | NPV (USD B, 7%
(USD B) (USD B) Gains (USD B) discount)
BAU No new policy 0 0 0 — 0 (baseline)
NCAP as currently funded (USD 1.3B) 1.3 4.2 1.8 4.6:1 3.8
NCAP Reform (5% budget, USD 6.5B) 6.5 38.7 16.4 8.5:1 87.4
Clean Energy Fast-Track 18.0 52.1 21.3 4.1:1 121.6
Comprehensive Package (all reforms) 28.0 142.5 583 7.2:1 312.4

Source: Author's calculations. Costs = government programme expenditure + estimated compliance costs. Benefits =
VSL-adjusted health gains + labour productivity recovery + agricultural yield improvements. BCR =
PV(Benefits)/PV(Costs). NPV = PV(Benefits) — PV(Costs). All figures in 2023 USD. Discount rate = 7%.

The results reveal a strikingly under-exploited
investment opportunity. Even under the -current,
inadequate NCAP budget (USD 1.3 billion), the
benefit-cost ratio is 4.6:1 every rupee invested returns
approximately 4.6 rupees in economic value. A five-
fold increase in the NCAP budget (USD 6.5 billion)
raises the BCR to 8.5:1 and generates USD 87.4 billion
in net present value. The comprehensive package
combining clean energy fast-track, NCAP reform, EV
adoption, and household cooking transition yields the
highest NPV (USD 312 billion) at a BCR of 7.2:1,
representing a transformative return on environmental
investment. The NCAP's current budget of USD 1.3
billion against annual pollution costs of USD 95
billion represents an investment-to-damage ratio of
1.37% far below the 7-12% environmental protection
expenditure share observed in OECD countries. The
CBA results confirm that India's clean air under-
investment constitutes a significant macroeconomic
misallocation.

XI. KEY FINDINGS

This study yields eight key findings that are both

statistically robust and policy-relevant:

o CAPPI construction and validation: The PCA-
derived composite air pollution index explains
68.4% of total pollutant variance on PC1 alone
(92.0% cumulatively), with PM2.5 and PM10 as
dominant components. The index enables
consistent cross-state comparison and inter-
temporal tracking of atmospheric pressure.

e Robust causal effect on health: A one-unit increase
in CAPPI is associated with a 29.6% (OLS) to
34.1% (IV-2SLS) increase in DALY per 100,000
population, after controlling for
urbanization, energy structure, transport intensity,
and state and year fixed effects.

income,
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e DPSIR causal chain validated: Granger causality

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY

testing formally confirms the D—P—I causal

ordering. Industrialization Granger-causes
pollution; pollution Granger-causes health burden;
health burden does not reverse-cause pollution.
Income reduces DALY's but does not automatically
reduce pollution, rejecting an automatic EKC
pathway for India at current income levels.

e Economic cost of USD 95 billion (1.36% GDP):
Premature mortality (VSL method) accounts for
57% of this cost, followed by healthcare
expenditure (15%) and labour productivity losses
(13%). These estimates are grounded in state-level
panel evidence rather than global benefit transfer.

e Policy response is structurally inadequate: No
policy instrument scores above 75 on the PRES
matrix. NCAP's USD 1.3 billion budget represents
1.37% of annual pollution costs, producing a BCR
of only 4.6:1 under current underfunding rising to
8.5:1 at five times the budget.

e High return on investment: The comprehensive
policy package yields NPV of USD 312 billion at
a BCR of 7.2:1, representing one of the highest-
return public investment opportunities available to
Indian policymakers.

e Regressive distributional impact: The lowest
income quintile bears 2.3% higher OOP health
costs as a share of income. Rural women and
children face the greatest exposure through
household biomass combustion. Uttar Pradesh
alone accounts for 18% of national pollution health
costs.

e Agriculture at risk: Ozone and aerosol pollution
reduces wheat yields by 36% and rice yields by
20%, costing USD 9.1 billion annually and
threatening food security for 690 million cereal-
dependent Indians.
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XII. DISCUSSION

12.1 Methodological Contributions

The integration of PCA-based index construction,
two-way fixed effects panel regression, IV-2SLS
identification, Granger causality testing, MCA-based
policy scoring, and cost-benefit analysis within the
unifying  DPSIR  architecture  represents a
methodological advance over existing Indian air
pollution studies. Previous applications of DPSIR in
Indian contexts have been qualitative and descriptive;
this study demonstrates that the framework's causal
chain is empirically testable and statistically valid,
providing a replicable template for DPSIR
formalization in other large developing economies.
The CAPPI offers a practical monitoring tool for
Indian regulators. Unlike single-pollutant metrics
which can be 'gamed' by reducing one pollutant while
others rise the composite index captures co-movement
across the pollutant mixture and is more correlated
with health outcomes than any single indicator. We
recommend CPCB adopt CAPPI as a supplementary
indicator in its annual State of Environment reports.

12.2 Policy Implications

The PRES results expose a fundamental misalignment
in India's clean air governance. The two highest-
impact policy levers NCAP budget reform and coal
phase-out score lowest on budget adequacy and
enforcement respectively. This reflects a political
economy in which the benefits of clean air policy are
diffuse and long-term while the costs are concentrated
and immediate. The high BCR demonstrated by our
CBA (7.2:1 for the comprehensive package) provides
a quantitative counter-argument: for every rupee
invested in comprehensive air quality reform, the
economy recovers more than seven rupees in
healthcare costs, productivity, and agricultural output.

12.3 Limitations

Several limitations warrant acknowledgement. First,
the CAPPI is constructed from CPCB monitoring
stations, which have systematically higher coverage in
urban areas rural pollution exposure, particularly from
household biomass, may be underrepresented. Second,
the IV exclusion restriction assumes temperature and
rainfall affect health only through pollution; in
principle, extreme heat and flooding have independent
health effects, though these are partially absorbed by

IJIRT 202082

year fixed effects. Third, the panel spans only eight
years (2015-2023), limiting the ability to detect long-
run structural change. Fourth, the PRES scoring
involves expert judgment in the criteria-weighting
process; robustness checks with alternative weights
are recommended.

XIII. CONCLUSION

This paper has applied a rigorously formalized DPSIR
framework to India's air pollution crisis, combining a
PCA-derived composite index (CAPPI), two-way
fixed effects panel regression, IV-2SLS identification,
Granger causality testing, multi-criteria policy
scoring, and cost-benefit analysis across 28 Indian
states from 2015 to 2023. The results are
unambiguous: air pollution causally reduces health
and economic output at a cost of USD 95 billion per
year (1.36% of GDP), the DPSIR causal chain holds in
formal statistical testing, and India's policy response is
chronically under-resourced relative to the magnitude
of the problem.

Air pollution is not a secondary environmental
concern it is a first-order macroeconomic emergency
that retards human capital formation, depresses
agricultural productivity, burdens the public health
system, and widens inequality. The econometric
evidence presented here demonstrates that the
relationship between pollution and development
outcomes is causal, large in magnitude, and not
remediable through income growth alone: India will
not 'grow its way out' of its air quality crisis without
deliberate, well-funded, and effectively enforced
policy intervention.

The benefit-cost analysis makes the economic case for
action unambiguous: a comprehensive clean air
package (NCAP reform + clean energy transition + EV
adoption + cooking fuel substitution) generates USD
312 billion in net present value at a BCR of 7.2:1. The
constraint is not economic viability it is political
economy, institutional capacity, and governance
fragmentation. Addressing these constraints requires
the inter-ministerial coordination body, independent
enforcement authority, and results-based financing
mechanisms recommended in Section 14.
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XIV. POLICY RECOMMENDATIONS

14.1 Targeting Driving Forces

NCAP Reform: Scale the NCAP budget by a
minimum factor of five (to at least USD 6.5 billion,
2025-2030) and implement results-based
financing tied to verified reductions in state-level
CAPPI, using the methodology developed in this
paper.

Clean Energy: Set a binding timeline for retirement
of coal-fired power plants, prioritizing the most
polluting units. Front-load solar, wind, and battery
storage investments with concessional multilateral
financing.

Vehicles: Mandate BS-VI compliance via digital
entry point monitoring in all Tier-1 and Tier-2
cities; launch FAME-III electrification of public
transport.

14.2 Targeting Pressures

Stubble Burning: Implement a comprehensive,
adequately funded solution: subsidize happy
seeder machines at scale, guarantee minimum
support price for paddy straw as biomass fuel, and
provide  voluntary compensation
equivalent to the farmer's opportunity cost of
delayed planting.

abstention

Monitoring: Deploy low-cost sensor networks at
block level, integrated with real-time CAPPI
dashboards and public health alerts for vulnerable
populations.

14.3 Targeting Impacts

Health Financing: Expand Ayushman Bharat to
explicitly cover pollution-related conditions
(COPD, asthma, cardiovascular disease). Establish
a National Pollution Health Fund financed through
a pollution cess on high-emission industries.
Research Capacity: Fund university centres of
excellence in environmental health economics
linked to CPCB data systems, to produce the
granular state-level evidence required for adaptive
policymaking.

14.4 Strengthening Governance

IJIRT 202082

Institutional Reform: Establish an independent
inter-ministerial coordination body spanning
MOoEFCC, MoH, MoA, and MoPNG to govern the
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[9]
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national clean air response with cross-sectoral
authority, independent monitoring, and powers of
enforcement.

CAPPI Adoption: Recommend that CPCB adopt
the CAPPI methodology developed in this paper as
a supplementary national air quality indicator,
enabling consistent tracking of composite
pollution pressure across all 342 monitoring
stations.
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