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This study investigates the impact of corruption on CO2 emissions in India by utilising 
panel data from 19 Indian states spanning the period 1993 to 2020. The analysis reveals a 
positive and significant relationship between corruption and CO2 emissions, with the 
adverse impact of corruption becoming more pronounced at higher emission quantiles. 
These findings support the institutional quality hypothesis, which posits that weak 
governance and high levels of corruption undermine the effectiveness of environmental 
regulations. Consequently, this leads to increased illegal industrial activities and the 
overexploitation of resources, further intensifying environmental degradation. 

I. Introduction   

Corruption is a widespread issue that infiltrates the 
economy, significantly impacting economic development, 
governance, and environmental quality. It is a challenge 
that affects countries of all sizes and income levels, creating 
inefficiencies and exacerbating inequalities. The World 
Bank (1997) defines corruption as “the misuse of public of
fice for private gain.” According to the World Economic Fo
rum (2012), the global cost of corruption is estimated to 
be around US$2.6 trillion, accounting for nearly 5% of the 
world’s GDP. The study of corruption has gained momen
tum in recent years, with extensive research examining its 
causes and consequences across nations (Elbahnasawy & 
Revier, 2012). Importantly, corruption is not only an eco
nomic deterrent but also a crucial determinant of ecological 
deterioration (Sadiq et al., 2024). 

In recent years, climate change and carbon emissions 
have taken centre stage in global policy discussions, with 
international agreements such as the Paris Agreement. The 
United Nations Sustainable Development Goals (SDGs) 
have also highlighted climate action as a priority, recog
nising the need for institutional reforms to address envi
ronmental challenges. Research suggests that institutional 
quality, especially corruption, significantly influences en
vironmental outcomes. It weakens regulatory enforcement, 
undermines environmental policies, and enables polluters 
to evade compliance, thereby increasing carbon emissions 
and environmental degradation (Candau & Dienesch, 2017; 
Dincer & Fredriksson, 2018). Through bribery and rent-

seeking, firms circumvent environmental regulations, di
minishing incentives for cleaner production and reducing 
policy effectiveness. The Indian context provides a com
pelling case for examining the corruption-environment 
nexus. As one of the world’s largest and fastest-growing 
economies, India faces severe environmental challenges, 
including deteriorating air quality, deforestation, and rising 
CO₂ emissions. According to the Global Carbon Atlas, India 
was the third-largest emitter of CO₂ in 2020, with emissions 
driven by rapid urbanisation, industrialisation, and reliance 
on fossil fuels. At the same time, corruption remains a sig
nificant governance issue at both the national and state lev
els. Previous literature has explored the nexus between cor
ruption and environmental standards, often highlighting 
an inverse correlation. Lisciandra and Migliardo (2007) pro
vided empirical evidence that corruption directly reduces 
environmental quality by allowing polluters to bypass reg
ulations. Similarly, Sinha et al. (2019) demonstrated that 
corruption hampers the effectiveness of environmental 
policies, resulting in increased emissions and pollution-re
lated health burdens. Figure 1 shows the trend in average 
CO₂ emissions and corruption across Indian states from 
1993–2020. 

Corresponding author email: kumar.shaurav@iimranchi.ac.in a 

Shaurav, K., & Kumar, N. (2026). The Role of Corruption in Shaping Environmental
Quality in India: A Quantile Regression Approach. Asian Economics Letters, 7(1).
https://doi.org/10.46557/001c.157642

https://doi.org/10.46557/001c.157642
https://doi.org/10.46557/001c.157642


Figure 1. Average  CO₂  emission and corruption across     
Indian States (1993-2020)    

Despite the growing body of literature on corruption 
and environmental quality, only a few studies have exam
ined how corruption affects sub-national CO₂ emissions in 
India. Given the significant variation in both corruption 
levels and environmental policies across Indian states, a 
state-wise analysis can provide valuable insights into the 
mechanisms through which corruption influences carbon 
emissions. This research seeks to address this gap by study
ing the causality between corruption and CO₂ emissions 
across Indian states from 1993 to 2020. Additionally, it ex
amines how corruption interacts with CO₂ emissions in dif
ferent quantiles, thereby contributing to the broader dis
course on governance and environmental sustainability. By 
analysing the state-level variations, this study offers pol
icy-relevant insights into how corruption affects environ
mental outcomes in India. Understanding this relationship 
is crucial for designing more effective anti-corruption mea
sures and environmental policies that can mitigate CO₂ 
emissions. 

The rest of this paper is organised as follows: The study’s 
data and methods are presented in Section II, the empirical 
findings are discussed in Section III, and the conclusion is 
provided in Section IV. 

II. Data and Methodology     

The Corruption Index (CORR) was constructed using 
conviction cases reported in the Crimes in India report, pub
lished by the Government of India. Specifically, the num
ber of conviction cases registered under the Prevention of 
Corruption Act, 1988, along with relevant penal codes, was 
utilised to develop the CORR. This study analyses data from 
18 states1 and the Union Territory of Delhi over the period 
1993–2020. State-wise carbon dioxide (CO₂) emissions and 
energy consumption (ENG) data were sourced from the 
Global Data Lab, while real per capita income (GDP) and ur
banisation (URB) figures were obtained from CMIE States. 
Additionally, data on state government expenditure (GOV) 
as a percentage of GDP were extracted from CMIE States. 
Regional financial development (FND) was measured as the 

ratio of private credit outstanding to nominal SGDP, with 
data sourced from the RBI database. Information on the re
gional industrial structure (IND) was also gathered from the 
RBI database. The baseline model is represented by Equa
tion (1). 

The study utilises the method of moments quantile regres
sion (MMQR) due to its advantages over traditional quan
tile regression. MMQR extends conventional quantile re
gression by incorporating moment conditions to account 
for unobserved heterogeneity and distributional effects 
across different quantiles of the dependent variable. Unlike 
standard quantile regression (SQR), which assumes that co
variates affect only the location of the conditional distri
bution, MMQR allows for both location and scale shifts, 
making it more flexible in capturing heterogeneous rela
tionships. The SQR model does not account for potential 
unobserved heterogeneity within panel data. However, 
MMQR introduces fixed effects and considers distributional 
changes beyond just the mean and median effects 
(Machado & Silva, 2019). 

III. Results   

Table 1 presents descriptive statistics for 19 Indian 
states from 1993 to 2020. The average CO₂ emissions is 
4.72, ranging from 3.51 to 6.00. The CORR index has a mean 
of 1.39, indicating moderate variation across states. GDP 
and ENG have mean values of 4.62 and 2.65, respectively. 
FND and GOV average 1.41 and 1.07, reflecting disparities 
among states. URB shows a negative mean of -0.58, while 
IND averages 1.46 with low dispersion. Overall, the data re
veal considerable economic, institutional, and environmen
tal variation across the states. 
Table 1. Descriptive statistics   

Variables Obs. Mean Std. 
dev. 

Min. Max. 

CO2 532 4.723 0.491 3.514 6.00 

CORR 532 1.393 0.353 0.108 2.702 

GDP 532 4.617 0.425 3.723 5.669 

ENG 532 2.65 0.307 1.812 3.226 

FND 532 1.415 0.25 -0.387 1.801 

GOV 532 1.073 0.288 -0.516 1.806 

URB 532 -0.583 0.232 -1.048 -0.014 

IND 532 1.462 0.116 1.104 1.788 

Note: This table reports descriptive statistics of all variables used in this study. Here, 
Obs., Std. dev., Min. and Max. represent number of observations, standard deviation, 
minimum value, and maximum value, respectively. 

Andhra Pradesh (including Telangana), Assam, Bihar (including Jharkhand), Gujarat, Haryana, Himachal Pradesh, Jammu and Kashmir, 
Karnataka, Kerala, Maharashtra, Madhya Pradesh (including Chhattisgarh), Odisha, Punjab, Rajasthan, Sikkim, Tamil Nadu, Uttar 
Pradesh (including Uttarakhand), and West Bengal. 
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Table 2. Method moment of quantile (MMQR) regression result        

Variables Location Scale Quantiles 

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 

CORR 0.193*** 0.061** 0.103 0.128** 0.151*** 0.172*** 0.193*** 0.212*** 0.244*** 0.265*** 0.298*** 

(0.049) (0.027) (0.063) (0.056) (0.052) (0.050) (0.049) (0.050) (0.055) (0.059) (0.068) 

GDP 0.527*** -0.208*** 0.830*** 0.747*** 0.670*** 0.598*** 0.526*** 0.463*** 0.354*** 0.283** 0.175 

(0.105) (0.059) (0.135) (0.121) (0.112) (0.107) (0.106) (0.109) (0.119) (0.127) (0.147) 

ENG -0.040 -0.188*** 0.233* 0.158 0.088 0.024 -0.041 -0.098 -0.196* -0.260** -0.357** 

(0.100) (0.056) (0.129) (0.115) (0.107) (0.102) (0.101) (0.103) (0.112) (0.121) (0.140) 

FND -0.280*** -0.108* -0.123 -0.166 -0.206* -0.243** -0.281*** -0.313*** -0.370*** -0.407*** -0.463** 

(0.105) (0.059) (0.134) (0.121) (0.111) (0.106) (0.105) (0.107) (0.117) (0.127) (0.146) 

GOV -0.609*** 0.442*** -1.254*** -1.076*** -0.913*** -0.760*** -0.607*** -0.473*** -0.241 -0.090 0.138 

(0.153) (0.087) (0.199) (0.176) (0.165) (0.158) (0.156) (0.161) (0.175) (0.184) (0.214) 

IND -1.136*** -0.192** -0.856*** -0.933*** -1.005*** -1.071*** -1.137*** -1.195*** -1.296*** -1.362*** -1.462** 

(0.136) (0.077) (0.175) (0.157) (0.146) (0.139) (0.137) (0.140) (0.153) (0.165) (0.191) 

URB 0.249** 0.192*** -0.031 0.046 0.117 0.183 0.250** 0.308*** 0.409*** 0.475*** 0.575*** 

(0.112) (0.064) (0.145) (0.130) (0.120) (0.115) (0.113) (0.116) (0.126) (0.136) (0.158) 

CON 4.984*** 1.722*** 2.475*** 3.167*** 3.803*** 4.396*** 4.991*** 5.513*** 6.416*** 7.002*** 7.894*** 

(0.393) (0.223) (0.519) (0.453) (0.430) (0.412) (0.409) (0.428) (0.463) (0.468) (0.549) 

Note: This table reports MMQR regression results. Here, Corruption Index (CORR), Gross Domestic Product (GDP), Energy Consumption (ENG),Urbanisation (URB), State Government Expenditure (GOV), Regional Financial Development (FND), Regional Industrial Structure 
(IND). ***, **, and * represent statistical significance at 1%, 5%, and 10% levels, respectively. Standard errors are presented in parenthesis. 
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The MMQR regression analysis results are presented in 
Table 2 (and Figure A presented in the Appendix), providing 
insights into the determinants of CO₂ emissions across dif
ferent quantiles. The findings indicate a positive and sta
tistically significant relationship between corruption and 
CO₂ emissions across all quantiles. This supports the in
stitutional quality hypothesis, which suggests that weak 
governance and corruption can lead to ineffective envi
ronmental regulations, increased illegal industrial activi
ties, and excessive exploitation of resources, further ex
acerbating emissions (Cole, 2007; Khan & Hassan, 2024). 
Economic growth exhibits a strong positive impact on CO₂ 
emissions at lower quantiles, with its effect declining at 
higher quantiles. This finding supports the Environmental 
Kuznets Curve (EKC) hypothesis, which posits that the 
early stages of economic and industrial growth lead to in
creased emissions; however, as economies develop and 
adopt cleaner technology, emissions decline (Acheampong, 
2018; Kaika & Zervas, 2013). 

The impact of energy consumption on CO₂ emissions is 
nonlinear across different quantiles. At lower quantiles, en
ergy consumption has a positive effect, indicating that in 
the early stages of economic development, higher energy 
demand is met through increased CO₂ emissions (Acheam
pong, 2018; Sadorsky, 2009). However, at higher quantiles, 
energy consumption exerts a negative effect on emissions. 
This suggests that as growth accelerates, economies un
dergo structural transformations characterised by greater 
investments in cleaner energy sources, technological inno
vations, and stringent environmental policies. These de
velopments contribute to improved energy efficiency and 
a gradual transition towards renewable energy (Ang, 2007; 
Sadorsky, 2009; Yuan et al., 2014). 

The results show a negative and significant effect of 
financial development on CO₂ emissions, particularly at 
higher quantiles. This finding is supported by the “green fi
nance” hypothesis, which suggests that well-developed fi
nancial markets facilitate investments in clean energy and 
environmentally sustainable projects, thereby reducing 
emissions (Lv & Li, 2021; Shahbaz et al., 2013). Govern
ment expenditure decreases CO₂ emissions considerably at 
lower quantiles, demonstrating the efficacy of environmen
tal regulations, green subsidies, and renewable energy ini
tiatives. However, this effect diminishes at higher quan
tiles, where economies are more carbon-intensive and 
structural reliance on fossil fuels limits policy efficacy. This 

indicates that, although government actions help to reduce 
emissions initially, further steps are required for long-term 
reductions in high-emission economies (Fan et al., 2020; 
Halkos & Paizanos, 2013). 

Across all quantiles, industrial activity significantly low
ers CO₂ emissions. While this may appear contradictory, it 
can be explained by the structural transformation theory, 
which holds that states with developed industrial structures 
reduce their carbon footprint by transitioning towards more 
technologically advanced and energy-efficient industries 
(Chang, 2015). Moreover at higher quantiles, where rapid 
urban growth fuels increased energy use, transportation 
emissions, and industrial activity, urbanisation dramati
cally increases CO₂ emissions. Emissions rise as cities ex
pand due to the increasing need for infrastructure, trans
portation, and power, which increases dependency on fossil 
fuels (Wang et al., 2014). To mitigate the negative effects 
of urbanisation on the environment, this underscores the 
importance of energy-efficient technologies, greener trans
portation systems, and sustainable urban design. 

To further strengthen the main regression results, we 
have used the adjusted corruption index2 as a robustness 
measure for the conviction of corruption. Table 3 (and Fig
ure B given in the Appendix) present the results of the ro
bustness test. The findings confirm that the main results 
remain robust when the adjusted corruption index is used. 

IV. Conclusion   

The study finds that higher levels of corruption signif
icantly increase CO₂ emissions across Indian states, em
phasising the need for governance reforms to achieve sus
tainability goals. Moreover, strengthening institutional 
mechanisms through independent environmental ombuds
man offices can enhance enforcement and curb rent-seek
ing behaviour. In addition, improving transparency through 
digital emission monitoring and public disclosure can in
crease accountability and trust. Furthermore, linking fiscal 
incentives to environmental performance can motivate 
states to adopt cleaner technologies and responsible gover
nance. These measures can align anti-corruption initiatives 
with sustainable and low-carbon development. 

Submitted: April 30, 2025 AEDT. Accepted: November 07, 2025 
AEDT. Published: March 04, 2026 AEDT. 
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Table 3. Robustness test results    

Variables Location Scale Quantiles 

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 

COR 0.083 0.061** -0.006 0.021 0.036 0.064 0.077 0.098* 0.134** 0.185** 0.185** 

(0.053) (0.031) (0.063) (0.056) (0.054) (0.052) (0.053) (0.055) (0.063) (0.080) (0.080) 

GDP 0.577*** -0.239*** 0.926*** 0.820*** 0.760*** 0.651*** 0.597*** 0.519*** 0.376*** 0.174** 0.174 

(0.107) (0.062) (0.128) (0.114) (0.109) (0.106) (0.107) (0.114) (0.129) (0.161) (0.161) 

ENG -0.042 -0.186*** 0.229* 0.147 0.101 0.016 -0.026 -0.087 -0.198 -0.355** -0.355** 

(0.101) (0.059) (0.120) (0.107) (0.103) (0.099) (0.100) (0.106) (0.121) (0.153) (0.153) 

FND -0.242** -0.146** -0.029 -0.093 -0.130 -0.196* -0.229** -0.277** -0.364*** -0.487*** -0.487*** 

(0.110) (0.064) (0.131) (0.117) (0.113) (0.108) (0.109) (0.116) (0.133) (0.167) (0.167) 

GOV -0.596*** 0.524*** -1.358*** -1.127*** -0.996*** -0.757*** -0.638*** -0.468*** -0.156 0.285 0.285 

(0.164) (0.095) (0.200) (0.174) (0.169) (0.164) (0.164) (0.178) (0.201) (0.245) (0.245) 

IND -1.137*** -0.202*** -0.844 -0.933*** -0.983*** -1.075*** -1.121*** -1.186*** -1.306*** -1.477*** -1.477*** 

(0.138) (0.081) (0.165) (0.147) (0.141) (0.136) (0.138) (0.145) (0.166) (0.210) (0.211) 

URB 0.255** 0.1991*** -0.035 0.053 0.103 0.1938* 0.238** 0.303** 0.422*** 0.589*** 0.589*** 

(0.114) (0.066) (0.135) (0.121) (0.116) (0.112) (0.113) (0.119) (0.137) (0.173) (0.173) 

CON 4.779*** 1.799*** 2.162*** 2.956*** 3.405*** 4.2260*** 4.632*** 5.216*** 6.288*** 7.805*** 7.805*** 

(0.405) (0.236) (0.505) (0.433) (0.425) (0.409) (0.409) (0.454) (0.506) (0.599) (0.599) 

Note: This table reports MMQR regression results. Here, Adjusted Corruption Index (COR), Gross Domestic Product (GDP), Energy Consumption (ENG), Urbanisation (URB), State Government Expenditure (GOV), Regional Financial Development (FND), Regional Industrial 
Structure (IND). ***, **, and * represent statistical significance at 1%, 5%, and 10% levels, respectively. Standard errors are presented in parenthesis. ***, **, and * represent statistical significance at 1%, 5%, and 10% levels, respectively. Standard errors are presented in paren
thesis. 

This is an open-access article distributed under the terms of the Creative Commons Attribution 4.0 International License (CCBY-SA-4.0). View this license's legal deed at https://creativecommons.org/li
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Figure A. MMQR Plot   
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Figure B. MMQR Plot for robustness analysis      
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