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Abstract

We study manufacturing firms’ production responses to emission capping regulation. Firms
lower emissions by improving energy efficiency, substituting cleaner fuels, and shifting from
producing electricity to purchasing it from the grid. They move away from coal-intensive
products and adopt emission reduction technologies. These changes improve firm productiv-
ity, consistent with a mix of technology adoption and improved operational efficiency. In the
aggregate, we document lower product variety and an altered firm-size distribution driven by
a reduced business formation. Our findings emphasize how mandated pollution reduction
can be effective and document the associated costs.
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Policymakers increasingly rely on targeted, place-based regulations to reduce emissions (IPCC,

2023; World Economic Forum, 2023). At the same time, they carehow �rms achieve emissions

reductions, preferring that �rms improve energy ef�ciency, invest in abatement, and modernize

their production processes (Stern and Jotzo, 2010). Yet policymakers design emission regula-

tions subject to enforcement and informational constraints, limiting the state's ability to target

reductions effectively (Du�o, Greenstone, Pande, and Ryan, 2013, 2018).

A key constraint in designing effective environmental regulation is limited evidence on �rms'

production responses, which obscures the trade-offs and mechanisms through which emissions

are reduced (Gechter and Kala (2025); Greenstone (2002); Greenstone and Hanna (2014); He,

Wang, and Zhang (2020)). While there is robust evidence that regulation lowers targeted emis-

sions by shifting emissions across jurisdictions (Copeland and Taylor, 1994), without evidence on

production responses it is dif�cult to interpret the economic costs of emissions regulation and

whether observed outcomes re�ect costly distortions or ef�cient responses. This dif�culty is re-

�ected in mixed �ndings within the literature. While some studies suggest productivity declines,

others �nd long-run ef�ciency gains and innovation. 1

In this paper, we �ll this gap and study within-�rm production responses to environmen-

tal regulation. We combine detailed data on �rm production and abatement expenditures with

variation from an environmental regulation in India. Using hand-collected regulatory data and

satellite pollution measurements, we show that the regulation signi�cantly reduced emissions.

Exploiting detailed product-level data, we �nd that �rms lower energy expenditures without

reducing output, pointing to improved energy ef�ciency. Further, �rms shift from producing

electricity in-house to procuring it from the grid. At the product portfolio level, �rms move away

from producing their highest-emission and most coal-intensive products. At the same time,

�rms substantially increase pollution abatement spending, both at the extensive and intensive

margins. The technology adoption and operational changes collectively improve their productiv-

ity. Importantly, we do not �nd evidence that �rms shift economic activity elsewhere. However,

at the aggregate level, we document a decline in business dynamism, evidenced by lower product

variety and reduced �rm entry.

1Proposed mechanisms for this include R&D spillovers, �rst-mover advantages (Harrison et al., 2017; Jaffe and
Palmer, 1997; Lanjouw and Mody, 1996; Porter and Linde, 1995), and encouraging �rms to optimize energy use and
adopt green technologies (Fan et al., 2019; Newell et al., 1999; Wu et al., 2023).
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Our setting is an emissions-capping regulation targeting industrial clusters—co-located dy-

namic concentrations of related businesses—imposed by the national regulator, the Central Pol-

lution Control Board (CPCB). In 2009, the CPCB introduced the Comprehensive Environmental

Pollution Index (CEPI) to quantify pollution levels of industrial clusters and their impact on local

populations. Clusters with CEPI values exceeding pre-de�nedthresholds re�ecting the severity

of environmental degradation were subject to mandatory emissions reductions, which included

enhanced monitoring and the implementation of remedial action plans. We exploit the result-

ing discontinuities in enforcement intensity, both within and across industrial clusters, using

a difference-in-discontinuities (DiRD) design. Combined with detailed �rm and product data,

this allows us to identify within-�rm changes in production decisions and to study the costs and

bene�ts of the regulation.

Our analysis proceeds in four parts: we (1) assess changes in cluster-level emissions, (2) ex-

amine energy and fuel use, (3) analyze changes in product portfolios and abatement investment,

and (4) evaluate broader economic costs, including effects on product variety and �rm entry.

In the �rst part of the paper, we show that the regulation substantially reduced emissions in

targeted industrial clusters. Using hand-collected data from follow-up monitoring studies by

the CPCB, we �nd that clusters facing the highest enforcement intensity, signi�cantly decreased

their industrial emissions. We corroborate these �ndings with satellite measurements of indus-

trial emissions, which con�rm a signi�cant and persistent decline.

The average reduction in cluster-level emissions masked signi�cant heterogeneity in com-

pliance across clusters. To investigate the drivers of this variation, we hand-collected follow-up

assessments and related cluster-level outcomes to characteristics of state pollution regulators. The

regulation subjected enforcement decisions of local pollution authorities to national regulatory

approval, introduced continuous emissions monitoring at �xed points in each cluster, and imple-

mented random third-party audits throughout the year. In the most polluting clusters, the policy

also required the development of cluster-speci�c action plans, mandating �rm-level abatement

measures on court-enforceable timelines. In our analysis, we �nd that in these clusters, emission

reductions are larger in areas with proxies that positively correlate with higher regulator quality

and enforcement capacity, a greater proportion of small �rms, and where subsidies supported

abatement investments. These �ndings underscore the signi�cance of public-private cost sharing
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in achieving targeted emissions reductions and complement existing research that highlights the

role of regulatory institutions in driving emissions reductions in contexts characterized by low

state capacity and high information asymmetries (Du�o et al., 2013; Pande and Datla, 2016).

Second, we study the within-�rm drivers of the aggregate reduction in emissions. We leverage

detailed product-level information on inputs and outputs from private and public manufacturing

�rms—uniquely available in India due to mandatory disclosure requirements (Bau and Matray,

2023; De Loecker et al., 2016). Firms respond to the regulation by improving their energy ef�-

ciency—decreasing their energy expenditures with no signi�cant change to their product output.

We next map product-level energy consumption to carbon emissions to estimate product-level

emissions (Lyubich et al., 2018). We show that �rms decrease the energy intensity of their pro-

duction, i.e., the amount of energy inputs per product and the estimated CO2 emissions per unit

produced. These gains are accompanied by a meaningful shift in fuel use, with treated �rms

reducing coal inputs by 29% relative to control clusters. These results provide �rm-level param-

eters essential for integrated assessment models that aim to trace the macroeconomic impacts of

decarbonization. For example, the optimal energy tax depends heavily on the degree of substi-

tution between fuel sources (Golosov et al., 2014), and the long-run sustainability of economic

growth depends on the substitutability of dirty and clean inputs (Acemoglu et al., 2012).

We also �nd that �rms shift from producing to purchasing electricity—they increase the

proportion of energy they purchase from the grid by 19.6 percentage points. We show that this

shift does not merely reallocate emissions from �rms to power plants, as the regulation has no

discernible impact on emissions from energy producers. Nevertheless, the scale of this shift

exposes �rms to risk, given the unreliability of electricity supply in India (Burgess et al., 2020). 2

As �rms transition from self-generating electricity using diesel generators to relying on grid

purchases, they forgo the insurance value that generators offer against power outages.

Third, at the �rm level, we �nd that treated �rms shift their product portfolios away from

their highest-emission, coal-intensive products—those typically associated with higher pollution.

Moreover, these �rms increase their abatement expenditures along both the extensive and inten-

sive margins: treated �rms are twice as likely to make any abatement expenditure, and they

2Previous research, in the context of India and other economies, has shown that unreliable power supply reduces
�rm productivity (Allcott et al. (2016); Cole et al. (2018); Fried and Lagakos (2023)), raises production costs (Steinbuks
and Foster (2010); Fisher-Vanden et al. (2015)), and decreases pro�tability (Szakonyi and Urpelainen (2013)).
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raise abatement spending by 3.9 percentage points, on average. These responses are stronger in

clusters subject to speci�c abatement action plans. At the same time, we do not see any change

in capital stocks, wage bills, and raw material expenditures, suggesting that �rms improved

ef�ciency without scaling up inputs. These changes collectively improved �rm ef�ciency and

suggests that regulation shifting �rms' cost-bene�t calculus toward adopting previously unuti-

lized abatement technologies.3

Our �nding that abatement investment rises most where regulatory pressure is strongest,

supports models of constrained but latent willingness to adopt cleaner technologies once incen-

tives shift. And that other factors of production do not respond to the CEPI regulation implies

that productivity improvements are not primarily driven by scale effects, input substitution, or

compositional accounting. Instead, �rms respond by decreasing the energy intensity of their

production and shift away from producing their own electricity with high-emissions fuels to

purchasing it from power plants. While we cannot fully disentangle whether these gains stem

from technology adoption versus improved use of existing processes, the concentration of effects

in clusters subject to formal action plans suggests that a combination of mandates, subsidies, and

information provision jointly played a catalytic role. The evidence does not allow us to quantify

the exact contributions of innovation versus optimization—but it clearly rules out purely passive

compliance.

Fourth, we examine the broader costs of these regulations. We �nd no signi�cant impact on

�rm production. However, treated �rms are 12 percentage point less likely to introduce a new

product in the �ve years following the regulation, indicating lower product variety. At the cluster

level, we �nd a decrease in entry by �rms operating in all industries, not just manufacturing, and

across the �rm size distribution. Speci�cally, new �rm registrations drop by 1.4 percentage

points versus a baseline rate of 7%. These effects are strongest for clusters subject to the highest

enforcement intensity. These results are important, as industrial clusters play a central role in

development strategies in emerging economies as engines of growth and innovation (Juhász et al.,

2022). Overall, we document that, while regulated �rms improve ef�ciency and lower energy use

3Economic theory offers several potential explanations for delayed technology adoption, including from �xed costs
and �nancial constraint, weak competition (e.g., Parente and Prescott (1999)), agency or organizational frictions (e.g.,
Ambec and Barla (2002)), and uncertainty or information gaps about the bene�ts of new technology (e.g., Cortazar
et al. (1998); Farzin and Kort (2000); Hicks (1963); Mohr (2002); Parente and Prescott (1994)).
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in their production, it remains unclear whether these gains are suf�cient to offset the broader

slowdown in business dynamism, evidenced by reduced �rm entry and lower product variety.

Finally, we test alternative explanations for the observed emission reductions. A key concern

is that �rms may have relocated production outside regulated clusters or shifted their emissions

by expanding capacity elsewhere. We note that we observe product-level production at the

�rm–year level (not only within treated clusters), so within-�rm relocation across clusters is

inherently captured. Nonetheless, we present �ve further pieces of evidence to further rule out

production shifting outside the �rm boundaries. First, we estimate signi�cant improvements in

energy ef�ciency but no changes in raw material expenses, wage bills, and capital investments,

suggesting that �rms did not reduce emissions by shifting their product markets. Second, we do

not �nd a change in the probability of mergers or acquisitions, even in high-enforcement clusters.

Third, we �nd no treatment effect on the likelihood of announcing a new plant or abandoning

the expansion of an existing one. Fourth, we re-estimate the production response with �rm by

product �xed effects, in addition to continuing to control for within state industry trends and

�nd no evidence of a contraction in production within treated �rms' product line. Finally, we

estimate the �rm-by-product speci�cation within �rm size buckets—a proxy for the scope for

production shifting—again �nding no change in production quantities. Taken together, these

patterns are inconsistent with emissions leakage. Instead, we show that production changes and

adoption of cleaner technology were the main response to the regulation.

Our results open the “brown box” of how �rms adjust inputs and outputs in response to

emissions regulations, with implications for both policy design and future research. First, the

2009 CEPI regulation led �rms to cut energy use and shift away from high-emission fuels. This

suggests a promising direction for future research: whether targeting speci�c energy inputs

may be more effective in reducing emissions than general emission caps paired with monitor-

ing. Second, �rms substituted self-generation with grid electricity; though the grid remains

coal-intensive, this shift could ease the transition if paired with power-sector decarbonization,

underscoring the need for coordinated policy across sectors. Third, compliance was strongest

where regulators were credible and public cost-sharing was available, especially for small and

medium-sized �rms—highlighting the importance of aligning enforcement capacity with �nan-

cial support. Finally, while the regulation improved �rm-level ef�ciency, it reduced aggregate dy-

5



namism by lowering entry and diminishing product variety. Policymakers must therefore weigh

the environmental bene�ts against the potential long-term costs for innovation and growth.

Related Literature. Our paper makes a novel contribution to the literature on environmental

regulation by documenting how �rms alter their input and output choices at the product level

in response to emissions regulation. Previous studies have examined the emissions and �rm

impacts of environmental regulations (Berman and Bui (2001); Greenstone et al. (2012); Harrison

et al. (2019); He et al. (2020); Kala and Gechter (2023)).4 However, limited data has constrained

efforts to open the “brown box” of �rm behavior—particularly the changes they make within

the production process, and the associated economic tradeoffs. Our novel setting and data allow

us to directly observe how �rms reduce emissions—whether by shifting production, cutting

output, switching inputs or adopting cleaner production processes. Distinguishing among these

responses matters because each pathway has different implications for both the environmental

effectiveness and the economic cost of pollution regulation.

Second, our paper informs the literature on �rm-level impacts of environmental regulations.

In our setting, we �nd that both enforcement and subsidies for abatement investments matter

for emissions and productivity. Speci�cally, we �nd that �rms that reorganize their production

processes and invest in abatement technologies are also the ones that increase their productiv-

ity. In doing so, we provide mechanisms on productivity improvements and contribute to the

literature that �nds mixed evidence on the impact of environmental regulation on productivity

(Du�o et al. (2013); Kala and Gechter (2023)). Moreover, our evidence complements work on

emissions trading systems (Colmer et al., 2024; Linn, 2008; Lu and Pless, 2024; Newell et al., 1999;

Wu et al., 2023) by showing that �rms responded to the regulation by reducing the energy used

in production and investing in greener technologies.

More broadly, our study contributes to the literature on how �rms impact the environment. 5

Research has highlighted the importance of the nature of ownership (Dimson et al. (2015);

4Another strand of the literature examines the role of carbon taxes (Metcalf (2021); Brown et al. (2022); Martinsson
et al. (2024)) and carbon pricing (Fowlie et al. (2012); Klemetsen et al. (2020); Colmer et al. (2024)), �nding mixed
evidence on their effectiveness.

5In contrast to a literature analyzing the implications of investors' green preferences on asset prices (e.g., Heinkel
et al. (2001); Chowdhry et al. (2018); Pástor et al. (2021); Pedersen et al. (2021); Berk and Van Binsbergen (2021); Bolton
and Kacperczyk (2021); Broccardo et al. (2022); Zerbib (2022); Oehmke and Opp (2023); and De Angelis et al. (2023).
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Krueger et al. (2020); Naaraayanan et al. (2021); Dimson et al. (2021); Azar et al. (2021); Atta-

Darkua et al. (2023); Ilhan et al. (2023); Berg et al. (2023)), disclosures (Jouvenot and Krueger

(2019); Tomar (2023); Bonetti et al. (2023)), �nancial institutions (Kacperczyk and Peydró (2022);

De Haas (2023); De Haas and Popov (2023); Ivanov et al. (2024)), and self-commitments (Dahlmann

et al. (2019); Freiberg et al. (2021); Comello et al. (2021); Duchin et al. (2022); Bolton and Kacper-

czyk (2023)). Our contribution lies in documenting how production responses to environmental

regulation shape the environmental pro�le of �rms while highlighting �rms' trade-offs when

balancing emissions reduction with economic impacts.

While we focus on India due to the availability of granular data and a quasi-natural ex-

perimental setting, our �ndings have broader implications for other regions considering emis-

sions reduction policies in industrial clusters. For example, the World Economic Forum recently

launched a global initiative aiming to reduce heavy industry asset emissions in regional indus-

trial zones (World Economic Forum, 2023).6 Notably, these clusters account for a signi�cant

fraction of global CO 2 emissions, making them a target for emission reductions worldwide. Our

study highlights that although emission caps on industrial clusters can contribute signi�cantly

toward net-zero goals, these policies may also come with economic trade-offs, potentially reduc-

ing competitiveness by weakening the agglomeration bene�ts these clusters provide.

1 Institutional Background

This paper focuses on a regulation in India targeting pollution from industrial clusters—co-

located dynamic concentrations of related businesses. These clusters are often associated with

positive productivity and innovation spillovers and promote economic growth. At the same

time, they also generate signi�cant pollution, posing serious concerns, particularly near densely

populated areas.

Recognizing this trade-off, India's principal national emissions regulator, the Central Pollu-

tion Control Board, implemented a regulation in 2009 to curb emissions and their health im-

pacts. The agency developed a Comprehensive Environmental Pollution Index that identi�ed

88 prominent industrial clusters in consultation with the Ministry of Environment, Forest and

6Nine leading industrial clusters in China, Indonesia, Japan, Spain, and the United States have joined the World
Economic Forum initiative, ”Transitioning Industrial Clusters towards Net Zero,” to help industries reduce emissions.
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Climate Change (MoEF&CC). It conducted a comprehensive environmental analysis in these

clusters through independent environmental laboratories to develop the CEPI. In essence, the

CEPI, taking a value between 0 and 100, aimed to characterize the environmental quality at a

given location. The CEPI combined proxies for (i) the amount and toxicity of pollutants, (ii) the

impact of that pollution on humans and ecosystems, and (iii) an assessment of the quality of ac-

tions already taken by cluster �rms to capture or adequately dispose of emissions. Clusters with

a high CEPI were those that were high emitters, located near concentrated population centers,

and that were not doing enough to address the problem. Figure 1 describes the construction of

the CEPI. See Central Pollution Control Board of India (2009) for a discussion of the components

and construction of the CEPI.

[PLACE FIGURE 1 HERE.]

The CPCB used the composite index values to enforce environmental improvements in these

clusters based on whether they exceededpre-de�nedthresholds. Speci�cally, the CPCB classi�ed

those clusters with a CEPI at or above 60 and below 70 as “Severely Polluted Areas” (henceforth

CEPI[60,70)). These clusters now became subject to central monitoring, as opposed to monitoring

only by the local regulator (State Pollution Control Boards), that involved installation of online

continuous emission/ef�uent monitoring systems combined with quarterly audits. The regula-

tor further classi�ed industrial clusters with a CEPI value of at least 70 as “Critically Polluted

Areas” (henceforth CEPI[70,100]). Firms within these clusters were subject to the same shift to

central monitoring treatment as CEPI[60,70) clusters, however, the CPCB along with the local en-

vironmental regulators, additionally mandated remedial plans for �rms operating within the

CEPI[70,100] clusters. These speci�ed required abatement investments and timelines for imple-

menting them. 7 In our empirical setting, we exploit the resulting discontinuities in enforcement

intensity, both within and across clusters.

Non-compliance was costly. If a �rm failed to comply with the directives, then it would lose

its Environmental Clearanceand Consent to Operatepermits, which allow �rms to function within

the formal economy.8 Further, Consent to Establishpermits could not be issued to new operations

if they do not fully comply with the cluster regulations and action plans. Of the 88 industrial

7See Appendix B for examples and a more comprehensive discussion of the implementation details.
8All �rms, except for those in a few nonpolluting sectors, must apply for and receive approval from their respective
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clusters subject to the regulation in 2009, 43 industrial clusters in 17 states had a CEPI value of

70 or above. A further 32 industrial clusters had a CEPI value between 60 and below 70.

A natural concern is that regulations are not always enforced in settings with limited insti-

tutional and governance capacity (Du�o et al., 2013, 2018; Greenstone et al., 2023). We provide

anecdotal and statistical evidence that the 2009 CEPI regulation was enforced. First, we see no

evidence of manipulation of the CEPI score and no anticipation of outcomes, as discussed in

Section 3.3. Additionally, we present two direct pieces of evidence to support enforcement. First,

we rely on subsequent audits by the CPCB that updated the CEPI values twice in the following

�ve years to assess the effectiveness of the action plans. We hand-collected the results of this

follow-up monitoring that recalculated the CEPI for the CEPI[70,100] clusters—according to the

2009 ranking in 2011 and 2013. Our analyses demonstrate that the regulation reduced aggre-

gate emissions in industrial clusters. The top panel of Figure 2 reproduces the original 2009

CEPI distribution. The vertical line represents the cutoff at 70. The bottom panel reports the

distributions of the recalculated CEPI values for the 2009 CEPI[70,100] clusters in 2011 and 2013.

The distributions shifted to the left in both follow-up assessments, with signi�cant improvement

continuing between 2011 and 2013. This evidence accords with the CPCB's narrative of the reg-

ulation as part of an ongoing process of long-term improvement in environment quality at these

clusters. We also observe that, while the average cluster improved, several clusters continued

to have CEPI values above the cutoffs in 2013, indicating the dif�culties of mandating pollution

reduction beyond a certain threshold.

[PLACE FIGURE 2 HERE.]

Second, we complement these analyses by using independent satellite measurements and

show a signi�cant decline in emissions, detailed in Section 4. Moreover, we compile anecdotal

evidence in Appendix B of enforcement from media reports, �rm annual reports, and cluster

action plans.9 This evidence covers the timeline of Consent to Establishbans in noncompliant

sectors. Finally, our empirical approach addresses several alternative explanations and omitted

state-level Pollution Control Boards. New activities require a permit called Consent to Establish, while new activities
and renewals require one called Consent to Operate(Bhat, 2010; Fenske et al., 2023; Kapur and Khosla, 2019).)

9Appendix Figure IAB8 presents anecdotal evidence collected from media reports of compliance with actions
plans. For a discussion on enforcement of environmental regulation in India since the 1980s, see Greenstone and
Hanna (2014); Harrison et al. (2019).
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variables, as described in Section 3. Together, these elements mitigate concerns about enforce-

ment limitations in our setting.

We note that the 2009 CEPI reform targeting industrial clusters is an ideal setting for studying

the effects of regulation on �rm production. Due to disclosure requirements, we observe detailed

product input and output data, for both public and private manufacturing �rms operating in the

formal sector. In terms of contribution to global share of greenhouse gases, India ranks third

behind China and the US (Crippa et al., 2024). Therefore, focusing on a large and industrializing

economy gives us valuable insight into the potential effects on other similar important countries

that will play a pivotal role in growth and decarbonization in the next 50 years (Greenstone,

2024).10 Finally, the structure of this reform lends itself to sharp identi�cation, allowing us to

document �rm production responses and study the associated tradeoffs.

2 Data and Summary Statistics

2.1 Data

Policy Data. We hand-collected data on the 2009 regulation from policy documents published

by the CPCB. These include cluster CEPI values and their corresponding components broken

down by medium (air, water, and land). Additionally, we hand-collected data from two follow-

up rounds of monitoring by the CPCB in 2011 and 2013 in clusters with a 2009 CEPI value at

or above 70. These data also include information on the institutional details, monitoring, and

enforcement mechanisms of the regulation. See Online Appendix B for more details.

Industrial Clusters. We hand-collected the location of more than 2,000 clusters by name—the

near universe of industrial clusters in 2009. As industrial clusters are a dense agglomeration

of Small and Medium Enterprises (SMEs), we map them to the most granular regional unit

available across different datasets. Speci�cally, we standardize the cluster names, extract their

10As of 2025, most such economies regulate with place-based emissions policies rather than carbon pricing and
have a similar mix of manufacturing industries, �rm-size distribution, industrial cluster strategies, local institutional
settings, etc. Moreover, the CEPI reform is representative of place-based emission policies more generally in that they
typically don't require a speci�c reduction but rather stipulate improvement while leaving �rm free disposal how to
respond (this is also true in, e.g., cap-and-trade, command-and-control regulations, among others).
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location from Google API, and match them to PIN codes and cities. 11 For our primary analyses,

which use �rm data, city is the most granular regional unit, and hence we assign the treatment at

this level.12 Through this procedure, we can match 61 of the 88 industrial clusters for which the

CPCB released data on the CEPI score. Overall, the �rms in our sample represent a signi�cant

share of economic activity, producing over 70% of output between 2005 and 2015.

Emissions Datasets. To measure cluster-level changes in air emissions, we rely on the Emis-

sion Database for Global Atmospheric Research (EDGAR). EDGAR is a comprehensive global

database that documents human-caused emissions of greenhouse gases and other pollutants. We

use the highest resolution data available: emissions measured in 0.1° � 0.1° grids at a monthly

frequency. This data presents several advantages for assessing the impact of emissions. First,

EDGAR's �gures are derived independently, using consistent international statistics and an es-

tablished IPCC methodology. 13 Second, the database disaggregates emissions by pollutant type.

We use emissions data for nitrous oxide (NO x), particulate matter less than 2.5 mm in diameter

(PM2.5), and particulate matter less than 10 mm in diameter ( PM10). Finally, the data separately

report emissions from different sectors. This allows us to focus exclusively on industrial emis-

sions. Importantly, this allows us to mitigate concerns about measurement error such as emis-

sions from agricultural activities, which includes crop burning. These features of the EDGAR

dataset make it well suited for studying changes in emissions, a substantial limitation in prior

research on environmental regulations in emerging markets (Greenstone and Jack, 2015).

We link emissions from EDGAR to exact locations of clusters identi�ed from the policy docu-

ments. This involves two main steps. First, we de�ne the area around each plant as a circle with

a �ve-kilometer radius, creating what we refer to as a footprint. This footprint ensures that we

attribute changes in air emissions to �rms operating within distinct industrial clusters. Second,

we apportion the monthly measurements from the grid to this footprint. If a footprint spans

11We match the location of industrial clusters to the more granular PIN-code level in the business registration
dataset. In India, a PIN code, which stands for Postal Index Numbercode, is a numerical code used by the postal
system to facilitate the sorting and delivery of mail. On average, a single post of�ce serves an area of approximately
21 square kilometers and a population of around 10,000.

12In most cases, we can uniquely match an industrial cluster to a particular city. However, in a handful of cases
where this match is not unique, we aggregate CEPI values to the city level by assigning each city the maximum index
value among all the industrial clusters.

13See https://edgar.jrc.ec.europa.eu/ and Crippa et al. (2019, 2020); European Commission, Joint Research Centre
(EC-JRC)/Netherlands Environmental Assessment Agency (PBL) (2020) for more information.
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multiple grid cells, we calculate the pollution using a weighted average based on the respective

land area of those cells. See Online Appendix D for more details.

We supplement these analyses with data on �ne particulate matter (PM 2.5) from Van Donke-

laar et al. (2015). These data are constructed by combining aerosol optical depth (AOD) data from

several satellite sources and then calibrating the readings to pollution monitor data using a geo-

graphically weighted regression (GWR). The data are available monthly at the spatial resolution

of 1km � 1km.

Firm Financials. We use �rm and product data from Prowess, a database maintained by the

Centre for Monitoring the Indian Economy (CMIE). Several studies on Indian �rms have used

this dataset, including Bertrand et al. (2002); Gopalan et al. (2007); Lilienfeld-Toal et al. (2012);

Gopalan et al. (2016); Naaraayanan and Nielsen (2021); and Naaraayanan and Wolfenzon (2024).

We extract data from the latest vintage of Prowess, which is free from earlier systematic survivor-

ship bias, as highlighted by Siegel and Choudhury (2012).

The CMIE gathers data from balance sheets and income statements for approximately 37,000

publicly listed and private �rms. The covered �rms account for more than 70% of the industrial

output, 75% of corporate taxes, and over 95% of excise taxes collected by the government of

India and represent large and medium-sized �rms in India (Bau and Matray, 2023). 14 Moreover,

in addition to headline �rm �nancial statements, the data also capture �rm abatement expendi-

tures, a proxy to measure one of the key levers the regulation used to combat cluster emissions.

Therefore, the data are particularly useful for examining how �rms adjust over time in response

to environmental regulations.

Product-level Inputs and Outputs. To study within-�rm decisions, we use detailed product-

level data made available due to mandatorydisclosure requirements set out in the Companies Act

of 1956 and the Companies Act of 2013. On the output side, the dataset captures total sales and

total quantity sold at the �rm-product level, allowing us to compute unit prices and quantities.

14It is worth considering how alternative datasets compare to Prowess. Most prominently, research on India has
used the Annual Survey of Industries (ASI) to examine the impact of reforms on the manufacturing sector. The
most important difference is that Prowess is a �rm-level panel dataset whereas ASI is an establishment-level dataset
that surveys a repeated cross-section of 30,000 establishments per year (Martin, 2011; Sivadasan, 2009). Therefore,
ASI is limited in terms of panel coverage, making it particularly ill-suited for studying within-�rm responses to
environmental regulations.
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In addition, it provides information on capacities, production, and sales from company annual

reports (see Goldberg et al. (2010) and Bau and Matray (2023) for more details).15

There are approximately 2,300 distinct manufactured products in our �nal dataset, where

the de�nition of a product is time-invariant. We follow Prowess's internal product classi�cation,

which in turn relies on the National Industrial Classi�cation (NIC). Using these de�nitions, we

construct a panel of product-level output and prices, with unit-level prices for each product de-

�ned as the total unit sales over total unit quantity. See Appendix Table IAA1 for information on

the distribution of products and share of total manufacturing output for each NIC2 manufactur-

ing sector.16 Basic metals, vehicles, and chemicals account for the largest share of value, while

furniture and other wood products have the lowest. These patterns on product distribution are

in line with those reported for samples of multi-product �rms in the US (Bernard et al., 2010)

and in India (De Loecker et al., 2016).

On the input side, Prowess captures product-wise energy consumption reported in company

annual reports.17 The data are at the �rm-product-year-energy-source level and are expressed in

energy input units per reported production unit. We transform energy input into CO2 output by

making assumptions about each energy source's energy content and CO2 output. We calculate

tons of CO2 emitted per reported production unit for each �rm-product-year-energy-source and

collapse to the �rm-product-year level across energy sources. (See Online Appendix E for details.)

To our knowledge, no other data source offers comparable granularity and scope to understand

the intersection of �rm production and energy consumption.

Plant Announcements. We use data on the announcement of new and abandoned plants from

the CapEx database maintained by CMIE. This dataset contains information on all new and aban-

15The Companies Act does not mandate or specify the units for reporting, leading to a lack of standardization both
across and within �rms over time. Therefore, we standardize units within and across �rms and drop observations in
instances where there is insuf�cient information to reconcile changes in unit types within a �rm-product over time.

16Product codes are held �xed from 2008, except for when we explicitly test for extensive margin changes in �rm
product mix.

17Sub-section (1), clause (e) of section 217 within the Companies Act of 1956 stipulates that all companies must
report their total energy consumption in a speci�ed format. Nevertheless, there is no legal requirement for companies
to disclose their product-speci�c energy consumption per production unit. Consequently, one limitation of the analysis
on changes in product-level energy consumption is that �rms can decide whether to disclose this information. Not all
�rms choose to do so. In Online Appendix E, we explore the representativeness of these data. Importantly, we observe
in our data that, when a �rm initiates the reporting of product-level energy inputs, it typically does so consistently
throughout the entire period. Moreover, we �nd a reduction in the probability of �ling energy inputs at all in the
post-regulation period but no discontinuity in this probability at the treatment thresholds. See Appendx G.
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doned plants announced in India since 1990, including information on the project announcement

date, location, ownership, cost, and industry classi�cation. CMIE obtains data from multiple

sources, including annual reports, news articles, and government press releases. The database is

updated daily and contains information on the entire project life cycle whenever information is

available. Typically, projects costing more than INR 100 million (approximately USD 2 million)

are included in the database (Alok and Ayyagari, 2020; Naaraayanan and Wolfenzon, 2024).

Other Data Sources. We use the near-universe of �rm registrations from the Ministry of Cor-

porate Affairs (MCA), allowing us to track business formation across all formal �rms in the

economy. Furthermore, we use data from the 2001 Population Census to examine whether ob-

servables differ signi�cantly in treated and control clusters around the CEPI value treatment

thresholds. We also use it to test the assumption that the CEPI thresholds are economically

meaningful to �rms because of the 2009 regulation and not because they correspond to other

policy or economically relevant thresholds.

2.2 Final Sample and Summary Statistics

Our aim is understanding the impact of regulation targeting pollution from industrial clusters,

which feature dense agglomeration of manufacturing �rms. Our estimation sample, therefore,

comprises manufacturing �rms located in the 61 clusters for which we have a CEPI value. We

focus on a �ve-year window around the 2009 regulation. Moreover, as we aim to study the

within-�rm response to the regulation, we focus on multiproduct �rms, allowing us to better

understand different margins of adjustment. These �rms represent over 95% of the output during

the sample period. This focus on multiproduct �rms follows prior studies (Bernard et al., 2010;

De Loecker, 2011; De Loecker et al., 2016; Eckel and Neary, 2010).

Table 1 presents the descriptive statistics for the sample of manufacturing �rms from 2005

to 2015. Included �rms are multiproduct manufacturing �rms in industrial clusters assigned a

2009 CEPI value. Panel A reports summary statistics at the �rm-year level. The average (median)

�rm has 3.5 (0.6) million INR in total assets and 3.3 (0.8) million INR in total sales. 18 The

sample �rms are, on average, moderately indebted, with average (median) leverage ratios (bank

18As of March 2009, 1 USD was equivalent to 50.61 INR.
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borrowing scaled by total assets) of 0.27 (0.25). The average (median) company exports, deriving

16.3% (1.6%) of its total sales from exports. The average (median) �rm produces three (two)

distinct products a year. 19 The average (median) �rm is also moderately pro�table, reporting

11% (10%) of the value of year-before sales in new earnings before interest, taxes, depreciation,

and amortization. The listed �rms in our sample have an average (median) market-to-book ratio

of 0.88 (0.41).

[PLACE TABLE 1 HERE.]

Panel B of Table 1 describes the product-year-level panel dataset. The overall picture is of

signi�cant heterogeneity in operations. Product pro�t margins—de�ned as (unit price - unit cost) /

unit price—tell us that the average (median) �rm-product earns 0.01 (0.14) INR per unit produced.

This granular evidence is consistent with the �rm-level pro�tability distribution. Finally, the

distribution of product sales, cost, and price are all highly skewed, as is the distribution of unit-

level CO2 emissions, calculated for those �rms that report product energy inputs. Overall, the

panel of manufacturing �rms involves a broad cross-section of �rms and describes industrial

clusters composed of a few large �rms and many medium-sized ones.

3 Empirical Strategy

In this section, we describe the empirical strategies that we adopt to study the effects of environ-

mental regulation on �rm production decisions.

3.1 Difference-in-Discontinuities (DiRD)

Our analysis exploits cross-sectional variation in enforcement around the implementation of the

regulation in 2009. As described in Section 1, �rms in clusters just to the left of the CEPI value

of 60 faced no direct regulatory change, while those in clusters with CEPI just to the right of 60

were subject to heightened emissions monitoring. Firms in clusters to the right of the second

CEPI value at 70 were additionally mandated to take targeted steps through the implementation

of remedial action plans.

19We drop �rms that produce one product throughout the sample but not those that switch between being single-
and multi-product producers, so that we preserve variation at the extensive margin.
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The resulting discontinuities from implementation of the regulation naturally lends itself

to a difference-in-discontinuities (DiRD) research design (Bennedsen et al., 2022; De Simone,

2022; Grembi et al., 2016). The empirical design exploits treatment discontinuities at the CEPI

thresholds, allowing us to difference out the effect of any potential pre-existing discontinuity at

the treatment cutoff. Estimating based on variation at the threshold addresses any concerns that

control �rms from outside the 88 industrial clusters that received a CEPI score in 2009 might not

be appropriate counterfactuals for treated �rms. Speci�cally, we estimate:

Ykijcst = b1Postt � CEPI[60,70)
c + b2Postt � CEPI[70,100]

c + b3CEPIc + b4Postt+

g i + kjst + ekijcst, (1)

where k, i, j, c, s, and t represent a product, �rm, industry, city, state, and year, respectively.

Our running variable, CEPIc, is the pollution index value, de�ned at the city level, as described

in Section 2. CEPI[70,100] takes the value one if the city has a CEPI value at or above 70 and

zero otherwise. CEPI[60,70) takes the value one if the city has a CEPI value greater than or equal

to 60 and below 70 and zero otherwise. The omitted category includes �rms whose city has

a maximum industrial cluster CEPI value below 60. Including both CEPI[70,100]
c and CEPI[60,70)

c

group indicators captures differences in treatment intensities for �rms located in cities where the

maximum CEPI value exceeds or equals 70.20

Note that we assign �rms to industrial clusters based on the location of their headquarters

as of the 2009 regulation as our data is reported at the consolidated �rm level. The reader may

be concerned that this procedure misclassi�es �rms that do no produce where they are head-

quartered by labeling them as treated when they are actually control, and vice versa. Such mis-

classi�cation would bias our estimates against�nding any effect by adding noise and narrowing

the estimated difference between outcomes in the two treatment groups. And while the scope of

the problem is unknown, Table 1 reports that our average �rm is small, which likely represents

a single factory. Indeed, we do not �nd that �rm production is differentially affected across the

�rm-size distribution. Moreover, our empirical strategy itself mitigates this concern—we report

20In the �nal sample, 33 cities have a maximum CEPI value greater than or equal to 70 in 2009 and an additional
20 have a maximum 2009 CEPI value greater than or equal to 60 and below 70.
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a full battery of robustness tests below, yet we fail to reject the identi�cation assumptions of

parallel trends, that there is no manipulation of the CEPI, and that there are no pre-jumps in

observable covariates or outcomes. Thus, we have no evidence that this data limitation causes

systematic bias in our estimates.

The variable Postt is an indicator variable that takes the value one for all years including

and after 2009—the year in which the CEPI regulation was implemented—and zero otherwise.

The granularity of the data allows us to mitigate concerns about location- and industry-speci�c

effects that may differentially affect �rms' production and emission decisions using the empir-

ical speci�cation. Speci�cally, we include �rm �xed effects ( g i ) to control for unobserved time-

invariant �rm characteristics. We include state-by-industry-by-year �xed effects ( kjst) to control

for time-varying industry trends within the same state, for example, in emissions or emissions

enforcement.21 The stringency of these �xed effects allows us to rule out several location- and

industry-speci�c concerns, such as technical innovation and regulation, which vary considerably

over states and industries. We cluster standard errors at the cluster level, the level at which we

de�ne treatment (Abadie et al., 2023; Bertrand et al., 2004; Roberts and Whited, 2013).

The DiRD coef�cient of interest is, b1, which quanti�es the effect of being in a cluster with a

CEPI value of at least 60 on the outcomeYi jcst relative to the effect of being in a cluster to the left

of the cutoff with a CEPI value below 60, while controlling for additional treatment from being

in a cluster subject to a remedial action plan ( Post� CEPI[70,100]). Note that the b2 quanti�es the

regulation's effect on �rms located in clusters with CEPI values above 70 relative to �rms located

in clusters with values below 60. An advantage of including these �rms in our speci�cation

is that it allows us to shed additional insight on whether the treatment effects predominantly

relate to the extensive margin of treatment (crossing the 60 CEPI threshold) or to the intensity of

treatment, which incurs additional regulation and consequences (crossing the 70 CEPI threshold).

A strength of DiRD is that it preserves the advantage of difference-in-differences (DiD) of

controlling for level differences between treated and control groups while directly testing for

a key identi�cation threat of DiD. While parallel pre-trends can be tested, one cannot rule out

that forward-looking treatment assignment implies nonparallel post-trends, even in the absence

21The main effect of CEPIc, which is invariant within a �rm, drops out with the inclusion of �rm �xed effects,
while the main effect of Postt drops out with the inclusion of state-by-industry-by-year �xed effects.
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of treatment. De�ning treatment based on the discontinuity in an observed running variable

overcomes this challenge by directly controlling for the treatment assignment rule. Thus, testing

for the suitability of the running variable, via the RD tests for manipulation and smooth potential

outcomes, also directly tests the parallel trends assumption. We present identi�cation tests below.

3.2 Difference-in-Differences (DiD)

In a second speci�cation, we recover the average treatment effects using a difference-in-differences

(DiD) speci�cation that combines the regulatory thresholds without distinguishing between them.

This speci�cation estimates the average treatment effect for all �rms located in clusters with a

CEPI value of at least 60, allowing us to generalize the results beyond the local treatment ef-

fects identi�ed by the DiRD speci�cation. Note that, as a matter of deliberate choice, the DiD

speci�cation still only includes all �rms located in the industrial clusters identi�ed by the reg-

ulation. This is to avoid selection issues from differences between �rms located in targeted and

untargeted industrial clusters. Speci�cally, we estimate the following DiD empirical speci�cation:

Ykijcst = d1Postt � CEPI[60,100]
c + d2CEPIc + d3Postt + g i + kjst + ekijcst, (2)

where k, i, j, c, s, and t represent a product, �rm, industry, city, state, and year, respectively. The

coef�cient of interest is, d1, that quanti�es the average effect of being in a cluster with a CEPI

value of at least 60 on the outcome Yi jcst relative to the effect of being in a cluster to the left of the

cutoff with a CEPI value below 60. We include the same set of �xed effects.

Implementing both speci�cations serves two purposes. First, the DiD estimates help eval-

uate the generalizability of the discontinuity analyses while allowing us to check identi�cation

assumptions. Second, from a policy design perspective, they allow us to evaluate differential

effects between being assigned to centralized monitoring versus the more hands-on remedial

action plan.

3.3 Identi�cation Assumptions

The key identi�cation assumptions of DiRD are parallel trends and that potential outcomes are

smooth around the cutoffs. In this section, we test and fail to reject the assumption of smooth
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potential outcomes. In the following sections, we consider the parallel trends assumption.

First, we test for manipulation of our running variable, the 2009 CEPI. Panel A of Figure 3

plots the 2009 distribution of the CEPI score for the 88 clusters with CEPI values. Two vertical

lines indicate the treatment thresholds at 60 and 70. Visually, we observe no bunching around

the cutoffs. To formally test for bunching, we combine the CEPI thresholds of 60 and 70 into

one variable through a normalized measure of CEPI value, which we create by subtracting the

closest threshold from each cluster's CEPI value.22 Speci�cally, we �t the distribution of the

ranking variable on either side of the pooled cutoffs and then test whether those distributions

differ statistically (McCrary (2008). Figure 3 reports the results for the pooled sample.

[PLACE FIGURE 3 HERE.]

We do not �nd evidence of bunching around the cutoffs, and the p-value from a two-sided

test is 0.58. Thus, we fail to reject the null hypothesis of no manipulation of the CEPI ranking.

A remaining concern is that omitted variables affect the composition of industrial clusters. We

assuage these concerns in Section 7.3, where we document no evidence of changes in mergers

and acquisitions activity, leading �rms to exit the industrial clusters in response to the stringent

environmental regulations.

Second, in Figure 4, we present the geographical variation in the industrial clusters selected

by the CPCB for the environmental assessment relative to the location of all industrial clusters as

of 2009 (gray dots). We �nd that the industrial clusters targeted by the CPCB are representative

of clusters in general, with above- and below-threshold clusters coming from geographically

proximate regions within each state.

[PLACE FIGURE 4 HERE.]

Third, we test that there are no discontinuous jumps in our key outcomes and �rm and

product characteristics at treatment thresholds in the pre-regulation year. 23 For example, ruling

out a discontinuous jump would assuage concerns about alternative explanations, such as that

22We have limited observations in the cluster to the left of the CEPI threshold at 60. As a result, we do not have
enough power to examine the two cutoffs separately. Hence, to be consistent, we present results with normalized
thresholds throughout these tests.

23This is a test of the assumption that potential outcomes are smooth around the cutoffs.
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some other policy differentially affected �rms at these cutoffs, instead of isolating the effect of

the environmental regulation.

[PLACE FIGURE 5 HERE.]

Figure 5 presents the scatter plots of means of several �rm-level covariates, de�ned as of

2008, by different bins (each of size 1) around the pooled threshold. We normalize the thresholds

to zero by subtracting off their respective threshold values from the CEPI value of the industrial

cluster. We �nd no evidence of discontinuities in baseline covariates. The characteristics we

examine include total assets, total sales, leverage, exporting intensity, investment, wage bill, and

market capitalization (for listed �rms). Panel A of Table 2 demonstrates that none of these

characteristics differ statistically across the cutoffs even in a regression setting.

[PLACE TABLE 2 HERE.]

Similarly, Figure 6 tests for discontinuities at the pooled thresholds for product-level covari-

ates de�ned as of 2008. Again, we see no signi�cant discontinuous jumps in the product char-

acteristics. Panel B of Table 2 reports the associated average differences of products of �rms in

industrial clusters with CEPI values below versus above the threshold and the coef�cient and as-

sociated p-value of the regression discontinuity speci�cation at the threshold between CEPI[60,70)

and CEPI[70,100] cluster status. There is no signi�cant jump, neither statistically nor economically.

[PLACE FIGURE 6 HERE.]

Lastly, in Online Appendix Table IAA2, we examine whether there are discontinuous jumps

in cluster-level covariates de�ned as of 2008, taken from the Population Census conducted in 2001

and Harari (2020). We again see no signi�cant discontinuities in various proxies for economic

activity—neither demand nor supply for goods—and determinants of the extent of pollution and

its impact.

The preponderance of evidence thus suggests that the treatment thresholds do not proxy

for pre-existing differences in policies that affected �rms in the same way as the environmental

regulation. Furthermore, they alleviate concerns that �rms in the control group are not a valid

counterfactual for treated �rms, thereby allowing us to cleanly identify the effect of environmen-

tal regulations.
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4 Changes in Cluster-Level Air Emissions

At the industrial cluster level, our primary outcome of interest is emissions As discussed in Sec-

tion 2, we extract emissions data, measured in milligrams per month within a spatial resolution

of 0.1°x 0.1°, from the EDGAR dataset.24 We build a monthly panel of emissions from industrial

activity split by the type of pollutant at the cluster-address level and estimate the following event

study speci�cation:

Emissionspcst = å
k2f� 4,� 2g

bkDk � CEPI[60,100]
c + å

k2f 0,6g

bkDk � CEPI[60,100]
c +

CEPIc + gcp + gpst + epcst (3)

where p is pollutant, c is cluster, s is state, and t is year-month. Figure 7 plots the estimated

coef�cients ( bk), normalized to the �scal year of 2008, and their corresponding 95% con�dence

intervals. This analysis compares the evolution of emissions in treated clusters relative to others.

The vertical gray dotted line indicates the regulation year of 2009. Standard errors are clustered

at the address level. Note that, because this is a difference-in-discontinuities analysis, each coef-

�cient can be interpreted as a cross-sectional regression discontinuity coef�cient (relative to the

discontinuity in 2008).

[PLACE FIGURE 7 HERE.]

As evident from Panel (a) of Figure 7, there are no differential pre-trends in the average emis-

sions from industrial activities between treated and control clusters. These results suggest that,

in the pre-period, regulators were not targeting clusters that were already improving their air

quality. 25 These parallel pre-trends support the DiRD identi�cation assumption that outcomes

of the treated and control groups would have evolved similarly, absent treatment, around the

24In contrast to previous research, which primarily relies on data related to particulate matter (PM 2.5), there are
two key advantages to using the EDGAR dataset. First, it provides information on a wide range of greenhouse gases
contributing to anthropogenic emissions across a broad cross-section of industries. Secondly, the data are adjusted
to separate emissions from �res and those stemming from industrial activities. This separation allows us to focus
exclusively on emissions from industrial sources, including industry, fugitive emissions, and solvents. These features
of the EDGAR dataset make it well-suited to study changes in emissions, which has been a substantial limitation in
prior research on environmental regulations in emerging markets (Greenstone and Jack, 2015).

25For this analysis, we pool emissions data across the following pollutants: NO x (nitrogen oxides), PM 2.5, and
PM10. Note that in the DiRD context, each coef�cient is a cross-sectional RDD, so this �gure complements our
previous �nding of no ex-ante discontinuities in the aggregate in Figure 5.
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thresholds. Moreover, in the post-regulation period, there is an immediate and persistent de-

crease in the average emissions levels within treated clusters. In Panel (b) of Figure 7, we �nd a

signi�cant decrease in PM 2.5 emissions.

[PLACE TABLE 3 HERE.]

Table 3 presents these results in a regression framework. Column 1 combines all pollutants

into a single regression and accounts for their differential impact by including high-dimensional

�xed effects. These �xed effects interact cluster and state � year-month �xed effects with the

speci�c pollutant type. As in Figure 7, we �nd a statistically signi�cant decrease in relative

emission levels for treated clusters compared with industrial clusters having a CEPI value below

60. In terms of the economic magnitude of b1, clusters with CEPI pollution index values just to

the right of 60 have 7.232 mg per month lower pollution, representing a 31.3% decrease relative

to the pre-treatment average total pollution of clusters with CEPI just less than 60 of 23.09 mg

per month. Note that this effect is relative to the cluster's own mean and controls for state-year-

month trends in pollution, such as from production seasonality.

From the table, we see that the effect is statistically indistinguishable in clusters with 2009

CEPI value of at least 70 and in clusters with values between 60 and 70. This suggests that con-

tinuous monitoring by regulators led to the immediate reduction in emissions, while action plans

are likely more effective in the longer-term. 26 This immediate reduction echoes the dynamics of

the effect we presented in Figure 7, which showed a signi�cant emissions reduction in the short-

run. Lastly, the average treatment effect from the DiD speci�cation resembles in magnitude the

DiRD estimate, again suggesting the important role played by continuous monitoring.

Moreover, we do not observe a signi�cant difference between the coef�cients across indus-

trial clusters with varying levels of enforcement intensity, as suggested by the p-value testing the

difference between b1 and b2. However, this average reduction in cluster-level emissions masks

signi�cant heterogeneity. Therefore, in Online Appendix C, we set out to better understand the

determinants of compliance, we hand-collect information on follow-on assessments and relate

them to regulator characteristics. We �nd that cluster-level improvements are positively associ-

ated with regulator quality and enforcement capacity, a greater proportion of small �rms, and

26As we note in Online Appendix B, �nalizing the action plans took up to a year, and these typically mandated the
implementation with timelines varying up to three years.
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public-private cost sharing for abatement investments. These �ndings support prior work that

argues for the importance of regulators in achieving emissions reductions in environments with

low state capacity and large information asymmetries (Du�o et al., 2013; Pande and Datla, 2016).

In the remaining columns of Table 3, we separate the estimates by pollutant type. We chose

the pollutants highlighted in the section of the action plans devoted to air emissions. Across the

columns, we �nd a similar decrease across different hazardous air pollutants.

In Panel (b) of Online Appendix Table IAA3, we run the same analysis using satellite data

on measurements of �ne particulate matter (PM 2.5) at a more granular, 1km � 1km, resolution

(Van Donkelaar et al., 2015). As in Table 3, we build a panel at the cluster-month level and

include cluster and state � month �xed effects. We �nd a statistically signi�cant decrease in

relative emission levels for treated industrial clusters in a �ve-kilometer and 500-meter radius

around the center of each cluster. Relative to the pre-regulation mean in the control group, this

change represents a 4.0% decrease, signi�cant at the 95% con�dence level.27

Figure IAA1 presents the dynamic coef�cients and their corresponding 95% con�dence inter-

vals from running speci�cation (Equation 3) on the cluster-month panel data from Van Donkelaar

et al. (2015). Coef�cients are relative to 2008, the year before CEPI regulation, which is normalized

to zero. Here we again observe evidence that treated and control clusters emitting on average

a similar amount of PM 2.5 emissions before the reform (represented by the dotted vertical line).

We then observe a large and immediate drop in the rate of emissions following the reform for

treated relative to control. Unlike the EDGAR data, by 2013 the rate of emissions is no longer

decreasing relative to control in treated clusters, though a gap widens again by 2015.

The regulation targeted cluster-emissions. Nevertheless, we would ideally tie emission reduc-

tion all the way to the �rm-level. We do this for the �rms represented in the Prowess database—

the relatively larger �rms—in Panel (b) of Online Appendix Table IAA3. Speci�cally, we build

a �rm-month panel of emissions within a one-kilometer (column 1), 500-meter (column 2), and

250-meter (column 3) radius around each �rm. Although the data is noisier, we observe the same

relationship at the �rm-month level: a signi�cant and meaningful drop in PM 2.5 emissions, driven

27The differences in economic magnitude relative to the results presented in Table 3 are likely an artifact of the low
correlation between PM 2.5 readings across the two datasets (r = -0.06). These differences could arise from variations
in calibration methods, differences in spatial resolution, and the level of industrial activity captured. We believe that,
given the low correlation, both data sources provide orthogonal measurements that help establish a robust reduction
in emission levels in response to the CPCB regulation.
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by lower emissions in the most-regulated clusters with a 2009 CEPI of at least 70. This evidence

suggests the reduction in cluster-level emissions being driven by �rm emission reductions.

Finally, to further test whether unobserved time-varying trends drive these results, we re-

turn to the EDGAR dataset—which separates emissions by broad industry sector—to conduct

a placebo test of emissions from energy producers in treated versus control clusters. The key

idea is that these energy producers face similar seasonality and economic �uctuations in those

geographies but were not targeted by the regulation. Online Appendix IAA4 presents results.

Reassuringly, we do not �nd any change, in terms of both economic magnitude and statistical

signi�cance, in these emissions, suggesting that (unobserved) time-varying trends do not explain

the lower emissions. Overall �rms targeted by the regulation lowered their emissions.

5 Greening Production and Abatement Investments

In this section, we examine the drivers of the aggregate reduction in emissions and document

operational responses by �rms. We begin by analyzing �rm-product data. In Section 5.1, we

analyze product-level energy consumption and changes in estimated carbon emissions. In Sec-

tion 5.2, we focus on abatement expenditures reported in annual �nancial statements and provide

supplementary evidence from annual reports on the actions undertaken by �rms.

We discuss above whether assigning �rms to treatment and control by headquarters would

bias our results or change their interpretation. Note that in the �rm-product and �rm-year

regressions, while treatment is assigned based on headquarters, we test all production, regardless

of where it was produced. Thus, if �rms responded to the regulation by only shifting production

to unregulated regions, we would measure a null effect.

5.1 Greening Production

In this subsection, we examine changes in energy inputs and production at �rms within the

industrial clusters. Additionally, at the product level, we focus on the sample of manufacturing

�rms that reported energy inputs at the product level. We show that �rms reduce emissions by

changing their energy inputs, i.e., reducing their reliance on coal, increasing their purchases of

electricity at the expense of producing electricity themselves. These changes are accompanied
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by a signi�cant reduction in product CO2 emissions. Further, we document that �rms shift

manufacturing output toward less carbon-intensive products.

Energy Ef�ciency. Table 4 reports �rm production changes around the regulation. Panel A tests

the impact on �rm energy inputs, controlling for the cost per unit of production. In column 1, the

outcome is the natural logarithm of the quantity produced at the �rm-product-year level. There

is no average difference between the treated and control groups in quantity produced around the

reform in either the clusters subject only to monitoring treatment or those that additionally had

to agree to speci�c action plans. In column 2, the outcome is the natural logarithm of the INR

value of product-level energy inputs at the �rm-year level. The average treated �rm reduces its

energy expenditures, controlling for its cost of goods sold, relative to the average control �rm.

The estimate suggests that treated �rms operating in a cluster with CEPI value to the right of

60 reduced the value of the per-unit energy inputs in the average product relative to the average

control �rm in a cluster with CEPI value to the left of 60 by approximately 22% on an annual

basis.28 Overall energy use declines while production remains constant, suggesting that treated

�rms respond by enhancing the energy ef�ciency of their production.

[PLACE TABLE 4 HERE.]

Fuel Inputs. Panel B of Table 4 reportswithin-�rm-product changes in energy inputs around the

regulation. From Table 1, we see that coal is the primary energy input for manufacturing �rms in

our data and a key source of industrial air emissions. In column 1 of panel B in Table 4, we test

for the use of coal by �rms in treated relative to control clusters. We �nd a considerable decrease

of 29% in the use of coal as a product input in �rms in CEPI[60,70) clusters relative to �rms in

clusters with CEPI just to the left of 60. This represents a drop from 17% of inputs to 10% of

inputs for the average product, relative to the 2008 control use of coal as an input per product.

One margin of adjustment to quickly re-optimize energy use and lower emissions is to in-

crease the proportion of energy from purchased electricity instead of producing it by burning

fuels. Firms in India often rely on their own power generation, even when it is less ef�cient

28Calculated as exp(-0.244) - 1. The economic magnitude of the change is substantial: Relative to the 2008 average
energy expenditure of 8.906 million INR per product, this represents a reduction of about 5.6 million INR on the
average product, equivalent to a reduction of about 124,740 in 2008 U.S. dollars.
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or more costly, in order to reduce their exposure to unreliable external power supply (Allcott

et al., 2016; Cole et al., 2018; Fried and Lagakos, 2023). Column 2 of panel B in Table 4 indicates

that �rms do shift from producing electricity to purchasing it. Speci�cally, the average treated

�rm located in the cluster right above 60 relative to �rms located right below 60, increases the

proportion of energy that they purchase from the electrical grid by 19.6 percentage points.

During the sample period, coal was the primary source of electricity generation, accounting

for roughly two-thirds of total electricity generation in India. 29 Thus, the shift from coal as a

direct input does not by itself explain the reduction in net emissions, even assuming that the

average electricity plant is more ef�cient at extracting energy from coal than the average �rm

establishment. The reader may thus be concerned that �rms lowered their own emissions by

simply shifting to electricity producers.

A simple shifting story is inconsistent with our results. First, we observe differential net total

emissions reductions for treated clusters at various radii around the cluster centroid. Since the

cost of energy is proportional to the distance it is purchased at, �rms are likely sourcing their

electricity from nearby plants—an institutional detail we con�rm in the qualitative evidence.

Second, we test for increased emissions from the energy sector in the same clustersin Online

Appendix IAA4 and coef�cients are small and insigni�cant.

Lastly, we use data on product energy consumption by fuel source to compute emissions.

This both serves as a test of overall emissions reduction rather than shifting, and documents the

important role of energy inputs in contributing to reduction in �rm-level emissions. Appendix

Table IAA5 tests whether product-level CO2 emissions decrease with the energy input changes.

We follow the literature by transforming energy inputs into CO2 output by making assumptions

about each energy source's energy content andCO2 output. 30 Note that we conservatively treat

all electricity as coal in this calculation, thereby likely biasing against �nding an effect. We then

calculate tonnes of CO2 emitted per reported production unit for each �rm-product-year-energy-

source and collapse to the �rm-product-year level across energy sources. Emissions fall sharply

relative to control �rms. These �ndings support the cluster-level emissions evidence in Section 4

and are by construction not driven by the shift from producing to purchasing electricity.

29The share of renewables in electricity generation during this period remained stable at 20%—calculated using
data from International Energy Agency.

30See Section 2.1 and Online Appendix E for more details.
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Next we examine changes in the product portfolio composition in terms of product emis-

sions. Panel (a) of Figure 8 plots the effect over time on the weight of the treated �rm's portfolio

weight on the �rm's highest-emission product in 2008, relative to control �rms. Emissions are

calculated using the fuel-speci�c CO2 conversion factors, as in Appendix Table IAA5. We nor-

malize coef�cients to one period before the regulation. We clearly see that the weight falls, on

average, especially after 2011. In other words, �rms in treated clusters shift production away

from their highest-emission products. Panel (b) instead uses the weight on the highest coal-use

product and shows nearly identical dynamics.

[PLACE FIGURE 8 HERE.]

Table 5 presents the estimates from a regression analysis. Speci�cally, we �nd that the average

�rm shifted its product portfolio away from its highest-emission (column 1) and highest-coal-

input (column 2) product in 2008. While the average control �rm weighted its highest-emission

(coal-input) product at 0.65 (0.78) in 2008, the average treated �rm reduced that weight by 31.8

(30.9) percentage points.

[PLACE TABLE 5 HERE.]

5.2 Abatement Expenditures

In addition to changing their energy inputs, �rms may also invest in abatement to comply with

the regulation. 31 To ascertain whether �rms in the targeted industrial clusters invested in abate-

ment, we rely on expenditures for pollution control equipment, as captured in �nancial state-

ments. Note that this is also the best available proxy for �rm exposure to regulation-imposed

investment mandates because it captures the portion of �rm expenditures that contributes to

cluster-wide investment.

Table 6 examines changes in abatement expenditures around the environmental regulations.

We �nd that �rms increase their abatement expenditures, on average, both on the extensive and

intensive margins. Speci�cally, column 1 reports the extensive margin response. The outcome

31Abatement investments include technology adoption, energy-ef�ciency enhancing changes such as retro�tting
boilers, process upgrades such as installing scrubbers, and other activities that often require re-optimizing inputs.
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1Abatement is an indicator that takes the value one if the �rm's abatement expenditure as a frac-

tion of total assets is nonzero and zero otherwise. We see that only �rms in the clusters with

a CEPI value of at least 70—those subject to action plans mandating emissions-reducing invest-

ment—signi�cantly increase their likelihood of investing in abatement relative to �rms in control

clusters. Note that the coef�cients between the two treatment groups are statistically signi�cant at

the 95% con�dence level. The interpretation relative to the 2008 level of abatement among �rms

in control clusters is a 7.7 percentage point increase in the probability of investing in abatement

from 4.8% to 12.5% or a 160% relative increase from baseline following the pollution intervention.

We might worry that �rms are increasing abatement expenditure via creative accounting,

such as by re-classifying investments they were going to make anyway as abatement expenditures

to lower emissions. In Online Appendix Table IAA6, we show that treated �rms do not change

their physical investment differentially relative to control �rms (nor any other production input).

[PLACE TABLE 6 HERE.]

At the intensive margin, we see, in column 2, that abatement expenditures increase signif-

icantly among all �rms in treated clusters relative to �rms in control clusters. The outcome is

abatement investments as a proportion of total �rm assets. The effect is relatively stronger in

clusters with a 2009 CEPI of at least 70, which is as expected since these clusters are those facing

mandated abatement investments. Speci�cally, �rms in clusters with CEPI value between 60 and

70 increase their abatement expenses as a ratio of their total assets by approximately four per-

centage points relative to control �rms in clusters with a CEPI just below 60. This is a large effect;

at baseline, control �rms spent 1.4% of the value of their assets on abatement. Thus, in relative

terms, the regulation led to an approximate 286% increase in abatement expenses relative to the

abatement undertaken by control �rms. Online Appendix B.1 presents supplementary evidence

on speci�c abatement investments mandated by the action plans and as reported by �rms in their

audited annual �nancial statements.

Overall we �nd that the CEPI regulation led to an aggregate reduction in cluster-level emis-

sions through �rms decreasing per-unit energy use, reallocating their energy inputs, and invest-

ing signi�cantly in abatement technologies, especially those that were mandated to undertake

such investments through remedial action plans.
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5.3 Heterogeneity in emissions reduction

6 Firm Productivity

Firms responded to the CEPI regulation by reducing the energy intensity of production and in-

creasing abatement investment and adoption of pollution control technologies. These responses,

though aimed at reducing emissions, are likely to affect how ef�ciently �rms convert inputs into

output, i.e., their productivity. For instance, adopting energy-ef�cient technologies might lower

energy waste while maintaining or even increasing output. However, regulatory compliance

might also divert productive resources or limit �rms' �exibility to optimize operations. Produc-

tivity is a key summary measure to distinguish between these hypotheses, capturing the broader

economic implications of these environmental adjustments. 32

Table 7 reports the impact of the CEPI regulation on �rm-level productivity and input use.

Column 1 reports the impact on total factor productivity, estimated using the approach of Levin-

sohn and Petrin (2003).33 We �nd that treated �rms increase output per unit of input by approx-

imately 13% relative to control �rms. Off an ex-ante control group mean of 2.77, this implies a

gain of 0.36 units in TFPR, an economically meaningful improvement in �rm ef�ciency. 34 The

productivity increase is concentrated among �rms in action plan clusters with a 2009 CEPI score

of 70 or above. Recall that the difference in treatment for these clusters was that they must make

mandated abatement investments, which we observe they comply with in Table 6.

[PLACE TABLE 7 HERE.]

We �nd no signi�cant changes in labor (column 2), which we measure as total wages scaled by

total sales. Nor do we see any effect on �rm capital (column 3), proxied by capital expenditures

scaled by total assets. However, material inputs (column 4), proxied by decline signi�cantly. This

32Theory offers mixed predictions. If �rms respond by scaling back inputs, productivity may be unaffected (Green-
stone et al., 2012). It may decline if compliance diverts productive resources (Bertrand et al., 2007; Du�o et al., 2013;
Greenstone and Hanna, 2014; Harrison et al., 2019; He et al., 2020; Jarait�e et al., 2022), or it may rise if regulation
induces technology adoption or process innovation (Colmer et al., 2024; Linn, 2008; Lu and Pless, 2024; Newell et al.,
1999; Wu et al., 2023).

33Output is measured as total sales (including income from industrial goods, raw materials, by-products, and
waste); inputs include (i) capital, proxied by gross �xed assets; (ii) labor, measured as total employee compensation;
and (iii) materials, which combine expenditures on raw materials, power, and fuel.

34While Levinsohn and Petrin (2003) is the standard TFP measure, it relies on intermediate inputs to proxy for
unobserved productivity and assumes monotonicity. As a robustness check, Appendix Table ?? uses the quantity-
based measure from De Loecker et al. (2016). Results are noisier but directionally consistent.
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fall in material use aligns with the improvements in energy ef�ciency we document in Table 4 but

on the wider regression sample. And as in those results, we see a statistically indistinguishable

effect in all treated �rms, whether in the 60 to 70 or 70 and above treatment arms.

These results support theories of regulation as a coordinating or disciplining force that

helps �rms overcome frictions that previously prevented ef�cient production (Du�o et al. (2013);

Greenstone and Hanna (2014); Leibenstein (1978); Pande and Datla (2016)).35 Several institu-

tional features of our setting point to the existence of signi�cant optimization frictions. First,

our sample includes �rms across the size distribution, including many SMEs, which often face

frictions such as �nancial constraints, information asymmetry, and limited exposure to compe-

tition. Second, the place-based targeting of the regulation—implemented through industry as-

sociations rather than �rm-level mandates—likely selected �rms for whom compliance was not

prohibitively costly. Appendix 5.2 provides supporting evidence that successful implementation

involved subsidy schemes aimed at small �rms. Finally, productivity results are concentrated in

clusters with mandated abatement investments. Pushing �rms to adopt new emissions-reduction

technology plausibly forced them to re-optimize production in ways that improved ef�ciency.

7 Cluster Dynamism and Aggregate Impacts

In the last section, we examine the aggregate impact of the CEPI regulation and study its impli-

cations for creative destruction through �rm entry and product variety.

7.1 Changes to Product-level Outputs

We �rst examine whether the reallocation of energy inputs was accompanied by other operational

changes at �rms targeted by the regulation. Speci�cally, we examine changes in �rm output at

the product level. It is unclear whether we should observe any treatment effect, given that the

manufacturers in our sample are primarily upstream in their supply chains and have long-term

production relationships with the �rms they supply. On the other hand, changes in energy inputs

suggest that �rms are re-optimizing their production decisions and they may accompany these

35Other empirical studies �nding positive productivity effects of environmental regulation include Colmer et al.
(2024); Linn (2008); Lu and Pless (2024); Newell et al. (1999); Wu et al. (2023).
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input changes by changing outputs as well. We test between these explanations and report the

results in Table 8.

Column 1 of Table 8 reports no differential response, on average, between the production on

the intensive margin of �rms in treated and control clusters, as proxied for by the natural loga-

rithm of the product-level production quantity. Column 2 shows no evidence of any differential

extensive margin response, proxied for by the natural logarithm of the number of product lines

at the �rm level.

[PLACE TABLE 8 HERE.]

In columns 3 and 4 of Table 8, we test for the effect of the regulation on product variety. In

aggregate, treated �rms are signi�cantly less likely to introduce new products. The reduction

is about a 12-percentage point decrease in the probability that a �rm in the highest-treatment

clusters with CEPI above 70 will introduce a new product in the �ve years following the regula-

tion in 2009. The probability of dropping a product is positive but insigni�cant in the aggregate.

Overall, there is no signi�cant impact on �rm production but a suggestive negative impact on

long-term product variety, which has been acknowledged as an important source of consumer

welfare since the seminal work of Bresnahan and Gordon (2008).

7.2 Business Dynamism: Firm Entry

We now move beyond within-�rm exploration to the aggregate impact of environmental regu-

lations. The primary motivation for organizing manufacturing activity as part of an industrial

cluster is to boost �rm productivity through economies of scale and agglomeration externalities

(Juhász et al., 2022). We focus on �rm entry as a summary measure of the agglomeration bene�ts

since it re�ects the net bene�ts and costs of agglomeration in a given industrial cluster.

Table 9 reports the results from our DiRD design on �rm entry, run at the cluster level.

The sample for Panel A is the universe of formal �rms, not just manufacturing �rms, from

the �rm registry obtained from the MCA. Therefore, we capture the entire distribution of �rm

size operating in the formal sector within these industrial clusters. Our empirical speci�cation

quanti�es the effect of entry of the average �rm into an industrial cluster. As in the cluster-level

emissions tests, the control group comprises clusters for which the CPCB constructed a CEPI
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value in 2009 but whose values are below the lowest treatment threshold at a value of 60.

[PLACE TABLE 9 HERE.]

The regulation decreases �rm entry, driven by the effect in CEPI[70,100] clusters. Column 1

presents a linear probability model on the incidence of new �rm creation. We see an approxi-

mately 1.4% drop in new �rm registrations, versus a baseline rate of 7%. The effects are signi�-

cant at the 90% con�dence level in clusters with a CEPI of at least 70.

Column 2 of Table 9 demonstrates the effect on the natural logarithm of the number of �rms

in CEPI[70,100] versus control areas. We again see a reduction of comparable size, though the

effect is insigni�cant at conventional con�dence levels. Column 3 reports a negative effect of a

similar magnitude where the outcome is the inverse hyperbolic sine function (i.e., asinh(x) =

ln(x + sqrt(x � x + 1)) ), which, unlike the natural logarithm, is well-de�ned at zero. Finally,

column 4 presents a model with the levels of the number of �rms in each cluster as the outcome

and estimates a Poisson model instead of ordinary least squares (Cohn et al., 2022; Silva and

Tenreyro, 2006). Results are consistent with those of columns 1 and 2.

In panel B of Table 9, we repeat the exercise using only �rms in the Prowess database, which

are typically larger than the average �rm in the economy. These are also the �rms in our re-

gression sample. In this subsample, �rm entry also signi�cantly decreases with an economically

meaningful magnitude relative to the ex-ante pattern in control �rms.

In summary, we document a decrease in �rm entry across the �rm-size distribution, suggest-

ing that the regulation's costs were suf�ciently large to deter business formation. These �ndings

may re�ect lower competitive pressure within treated clusters and fewer agglomeration bene�ts.

Along with the evidence in Section 7.1 of decreased product variety, we add evidence to the

literature that contends that regulation can lower emissions but at a cost to the economy.

7.3 Other Margins of Adjustment

In this section, we consider alternative channels for shifting emissions out of treated clusters.

Firms may relocate or expand their operations to regions with less stringent environmental reg-

ulations, particularly those related to environmental compliance (Copeland and Taylor, 1994,
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2004). Research has documented that localized policies shift emissions within and across geogra-

phies (Bartram et al., 2022; Ben-David et al., 2021).

We examine three margins of adjustment by �rms beyond altering their production decisions.

First, we focus on changes in mergers and acquisitions around the regulation. Speci�cally, we

examine whether �rms in the targeted industrial cluster are more likely to be acquired or merged

with �rms outside the cluster. In Online Appendix Table IAA7, we show that the average likeli-

hood of being a target or acquirer in a merger or acquisition is unaffected by the reform.

Second, instead of entirely relocating their operations through mergers and acquisitions,

�rms may relocate their production by building new plants and expanding capacity elsewhere.

We explore this possibility in Online Appendix Table IAA8. Speci�cally, our �ndings indicate

that, on average, �rms are unlikely to announce new plant constructions or to abandon the ex-

pansion of existing plant.

Third, we estimate signi�cant reductions in energy ef�ciency but no effect on raw material

expenses, wage bill, and capital investment, suggesting that �rms, on average, do not shift emis-

sions through their product markets. In all tests, we have suf�cient power and variety to feel

con�dent in our failure to reject the null hypothesis—the average �rm does not shift production

out of the treated clusters differentially relative to control �rms.

We observe product-level production at the �rm–year level (not only within treated clusters),

so within-�rm relocation across clusters is inherently captured. To further rule out produc-

tion shifting outside the �rm boundaries, we re-estimate the production response with �rm by

product �xed effects, in addition to continuing to control for within state industry trends. Iden-

ti�cation then comes from within the same �rm–product line over time. If �rms were shifting

production away from treated products, we would expect a negative post-reform effect relative

to comparable controls. Appendix Table IAA9 shows no such response: once composition is ab-

sorbed by �xed effects, there is no evidence of a contraction in production within treated �rms'

product lines, rendering systematic shifting an unlikely explanation for our results. Finally, Ap-

pendix Figure IAA2 estimates the �rm-by-product speci�cation within �rm size buckets; a proxy

for the scope for production shifting. Firm size is proxied using total assets in 2008. Whether

size is proxied by quartiles or median splits and whether we estimate within sub-samples or by

interacting treatment with the size buckets, there is no signi�cant treatment effect.
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Prior literature suggests �rms often lower regulated emissions by shifting them to regions

with weaker regulation or further down the supply chain (Aichele and Felbermayr (2015); Schiller

(2018); Xu and Kim (2022); Ben-David et al. (2021); Dai et al. (2021a); Dai et al. (2021b)). In

contrast, we �nd that the average �rm reduces emissions mainly through input reallocation,

direct investments in abatement, and technological upgrades, with no strong evidence supporting

emissions shifting as the primary channel. These contrasting �ndings highlight the importance of

examining �rms across the full size distribution—including private �rms—and broadening the

geographic focus to emerging economies. In these contexts, �rms may �nd it cheaper to adjust

their production processes directly rather than relocate emissions, particularly since these regions

often serve as destinations for emissions shifted from stricter regulatory environments. Moreover,

our sample's upstream concentration in manufacturing supply chains might help explain why

�rms internalize costs rather than passing them along. These are also the settings where our

results will have the highest external validity.

8 Conclusion

Policymakers increasingly set emission targets while considering their impact on �rm produc-

tivity and global competitiveness. However, evidence on their effectiveness and associated costs

is mixed, often due to opaque within-�rm responses, including operational, product, and energy

adjustments. This paper opens the “brown box” of within-�rm production responses to emis-

sions regulations by using novel product data combined with an environmental regulation in

India. We �nd that these regulations reduced emissions by prompting a shift away from high-

emission energy sources along with reduced per-unit energy inputs, product portfolio adjust-

ments away from the highest-emission products, and abatement investments. On average, these

production changes and investments increased �rm productivity. However, these regulations re-

duced aggregate business dynamism and product variety, potentially affecting competitiveness.

Our results suggest future research directions to explore the policy mechanisms that this re-

search suggests could be effective as emissions regulators balance implementation costs against

lower emissions. First, businesses subject to greater monitoring change their energy inputs. Our

�ndings suggest that policies mandating speci�c energy input reductions could be an effective
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alternative to emission caps paired with continuous monitoring. However, conditional on impos-

ing caps, we document the critical role of regulator reputation and public-private cost sharing

for �rm compliance.

Second, our �ndings inform constrained regulators about where along the supply chain they

should focus their monitoring efforts. Firms in our sample are concentrated upstream in the

supply chain, which is perhaps the primary reason we �nd them internalizing costs rather than

passing them on to their customers and suppliers. Moreover, private �rms, and �rms in emerging

markets, are more likely to be constrained to comply by changing their production processes,

rather than shifting their emissions. Most emission regulations instead focus on regulating the

emissions of large �rms.

More broadly, our results highlight the importance of disclosures at different stages of pro-

duction. Our study informs policymakers about how to effectively target and monitor �rms using

these data. Such disclosure requirements are being considered worldwide. For example, Gary

Gensler, the Chair of the US SEC, has called for more detailed emissions disclosures, including

indirect emissions and those from the supply chain (Gensler, 2023). Similarly, in the European

Union, the Corporate Sustainability Reporting Directive mandates that all public companies re-

port their greenhouse gas emissions, including Scope 3 emissions (European Commission, 2021).

Our �ndings suggest that these disclosures will likely enhance the effectiveness of environmental

regulations in encouraging �rms to reduce, rather than shift, emissions.

Finally, our �ndings underscore the need for coordinated policies on decarbonization. Al-

though the shift toward purchasing rather than producing electricity that we document may not

currently drive �rms away from coal, incentivizing electricity use could facilitate a smoother

transition to cleaner fuels as the power grid becomes more technically and economically viable

to green. In fact, although coal remains dominant in India's energy mix, accounting for approxi-

mately 77% of electricity generation as of March 2024, India is actively advancing toward greener

energy sources through signi�cant investments, ambitious renewable capacity targets (500 GW

by 2030), and supportive policies aimed at accelerating this transition. 36

36See, for example, Sethuraman N R, “India to add record renewables this year as green
push gains momentum,” Reuters, September 17, 2024, https://www.reuters.com/business/energy/
india-gets-386-bln-�nancial-commitment-expand-renewable-capacity-2024-09-16/ (last accessed May 2025).
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FIGURE 1: THE COMPREHENSIVE ENVIRONMENTAL POLLUTION INDEX

This �gure presents the components of the Comprehensive Environmental Pollution Index (CEPI) as it was de�ned

between 2009 and 2016. Calculations are at the industrial cluster level. Source: Central Pollution Control Board.

44



(a) CEPI in 2009

(b) Comparison between 2011 and 2013

FIGURE 2: EVOLUTION OF THE RANKING VARIABLE

This �gure illustrates the evolution of the CEPI. Panel A presents the ranking distribution of 88 industrial clusters

with CEPI values computed by CPCB in 2009. The vertical line marks treatment thresholds at CEPI = 60 and CEPI =

70. Panel B displays the CEPI distribution in 2011 (solid line) and 2013 (dashed line) government studies, focusing on

the subset of clusters initially classi�ed with CEPI values > 70 in 2009.
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(a) Distribution of 2009 CEPI

(b) McCrary density test of 2009 CEPI at pooled cutoffs

FIGURE 3: TESTING FOR MANIPULATION OF THE RANKING VARIABLE

This �gure tests for manipulation of the 2009 CEPI. Panel A presents the ranking distribution of 88 industrial clusters

with CEPI values computed by the CPCB in 2009. The vertical line marks treatment thresholds at CEPI = 60 and CEPI

= 70. Panel B displays the estimated density functions around the pooled thresholds at the CEPI values of 60 and 70.

The p-value is from a two-sided test with the null hypothesis that the distributions of the rankings do not differ across

the cutoff (Abadie and Cattaneo, 2018; McCrary, 2008)
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FIGURE 4: GEOGRAPHIC VARIATION OF INDUSTRIAL CLUSTERS

This �gure presents the geographic variation of all industrial clusters as of the year 2009. Small gray dots illustrate

the location of all industrial clusters. Larger black circles correspond to clusters with CEPI values at or above the 70

threshold, triangles correspond to clusters with index values between the 60 and 70 thresholds and squares correspond

to clusters with index values below the 60 threshold.
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FIGURE 5: FIRM CHARACTERISTICS PRIOR TO THE INTRODUCTION OF THE CEPI

This �gure presents regression discontinuity estimates of baseline �rm characteristics from 2008, a year before CEPI regulation was introduced. It graphs the
average �rm characteristic in CEPI bins near the cutoff, pooling data across the CEPI thresholds of 60 and 70, marked as zero in the �gures. A linear �t is generated
separately for each side of 0, with the 95% con�dence intervals displayed.
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FIGURE 6: BASELINE PRODUCT CHARACTERISTICS PRIOR TO THE INTRODUCTION OF CEPI

This �gure presents the average �rm-product characteristics from 2008, the year preceding the CEPI regulation, plotted in CEPI bins near the cutoff. The data
combines information across the CEPI thresholds of 60 and 70 (represented as zero in the �gures). A linear �t is generated separately for each side of 0, with the
95% con�dence intervals displayed.
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(a) All Pollutants

(b) Pollutant: Particulate Matter < 2.5m

FIGURE 7: CHANGES TO CLUSTER-LEVEL INDUSTRIAL AIR EMISSIONS

This �gure presents the dynamic coef�cients and their corresponding 95% con�dence intervals from a difference-in-

differences empirical speci�cation (Equation 3). Panel A incorporates all emissions, while panel B focuses on �ne

particulate matter less than 2.5 microns. Coef�cients are relative to 2008, the year before CEPI regulation, which is

normalized to zero. A dotted vertical line indicates the reform. The sample is restricted to the 88 industrial clusters

targeted by the CPCB in 2009 with the omitted category including clusters with a CEPI value below 60. Data source:

Emissions Database for Global Atmospheric Research (Crippa et al., 2019, 2020; European Commission, Joint Research

Centre (EC-JRC)/Netherlands Environmental Assessment Agency (PBL), 2020).
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(a) Product with Highest Emissions 2008

(b) Product with Highest Coal Weight 2008

FIGURE 8: CHANGES TO PRODUCT PORTFOLIO

This �gure presents the dynamic coef�cients and their corresponding 95% con�dence intervals from a difference-

in-differences empirical speci�cation (Equation 3). The dependent variable in panel A is the weight of the highest

emission product as of 2008 while in panel G it is the weight of the highest margin product as of 2008. Coef�cients

are relative to 2008, the year before CEPI regulation, which is normalized to zero. A dotted vertical line indicates the

reform. The sample is restricted to the 88 industrial clusters targeted by the CPCB in 2009 with the omitted category

including clusters with a CEPI value below 60. Data source: CMIE Prowess.
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TABLE 1: SUMMARY STATISTICS

This table presents descriptive statistics for the �rms and products in our baseline sample. Panel A summarizes the
�rm-year panel dataset. Panel B summarizes the �rm-product-year dataset. All variables are de�ned in Appendix
Table IAA10.

Panel A: Firm characteristics

Obs Mean Std. dev. Min. Median Max.

(1) (2) (3) (4) (5) (6)

Assets (000 INR) 11,452 3,524 8,864 6.70 621 52,664
Sales (000 INR) 11,452 3,282 7,274 3.90 755 40,262
Leverage 10,307 0.27 0.20 0.00 0.25 1.13
Exporting Intensity 11,452 16.30 26.09 0.00 1.64 97.84
Ln(Revenue Productivity) 11,452 3.07 1.86 1.02 2.54 8.63
Ln(Quantity Productivity) 2,079 1.36 1.53 -1.75 1.39 4.65
Number Product Lines 11,452 2.84 2.02 1.00 2.00 22.00
Pro�tability 11,452 0.11 0.08 -0.09 0.10 0.30
Investments/Assets 10,394 0.67 0.41 0.03 0.61 2.42
Abatement Expenditure/Assets 11,452 0.03 0.18 0.00 0.00 2.15
Raw Materials/Sales 11,451 0.58 0.22 0.03 0.60 1.01
Wages/Sales 11,451 0.05 0.05 0.00 0.04 0.30
Market-to-book 1,949 0.88 1.23 0.02 0.41 6.86

Panel B: Firm-product characteristics

Obs Mean Std. dev. Min. Median Max.

(1) (2) (3) (4) (5) (6)

Ln(Product Sales) 30,143 4.44 2.78 -2.30 4.76 9.63
Ln(Unit Cost) 15,589 -4.97 3.86 -15.35 -3.85 3.44
Ln(Unit Price) 16,329 -4.92 3.87 -15.24 -3.73 3.37
Margin (%) 15,589 0.01 0.70 -5.67 0.14 0.64
Ln(Per Unit CO 2 Emissions) 1,163 -2.35 2.80 -9.83 -1.85 2.42
Ln(Value Energy Input) 1,163 13.81 2.96 5.29 14.39 21.48
1Coal Use 1,163 0.25 0.43 0.00 0.00 1
Coal's Proportion of Inputs 1,163 0.59 0.46 0.00 1.00 1.00
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TABLE 2: COVARIATE BALANCE

This table presents tests for differences in �rm and product characteristics before the 2009 reform for the regression
sample. Panel A reports balance at the �rm level while Panel B reports balance at the �rm-product level. In both
panels, Column 1 present the unconditional mean for the whole sample while Columns 2 and 3 present the uncondi-
tional means for cities below the treatment threshold and cities above the treatment threshold, respectively. Column 4
presents the difference in means between cities below the treatment threshold and cities above the treatment thresh-
old. Column 5 shows the regression discontinuity estimate of the effect of being above the treatment threshold on the
baseline variable. The model is estimated within a bandwidth of 10 units of the CEPI around the treatment thresholds
at 60 and 70, and accounts for difference across states and within industries. Finally, Column 6 is the p-value for this
estimate, using bias-corrected, heteroskedasticity-robust standard errors of Calonico, Cattaneo, and Farrell (2020). All
variables are de�ned in Appendix Table IAA10.

Panel A: Firm characteristics

All Below Above Difference RD
Estimate

p-value

(1) (2) (3) (4) (5) (6)

Assets (000 INR) 2,500 2,127 2,566 -439 -1,317 0.68
Sales (000 INR) 2,418 1,853 2,519 -665 -348 0.90
Leverage 0.27 0.29 0.27 0.02 -0.041 0.39
Exporting Intensity 0.25 0.23 0.25 -0.022 0.095 0.17
Ln(Revenue Productivity) 3.30 3.30 3.30 -0.0028 -0.18 0.72
Ln(Quantity Productivity) 1.50 1.70 1.50 0.20 -0.82 0.46
Number Product Lines 2.9 2.90 2.90 -0.035 0.35 0.35
Pro�tability 0.11 0.11 0.12 -0.0064 0.023 0.16
Investments/Assets 0.70 0.77 0.69 0.083 -0.16 0.14
Abatement Expenditure/Asset 0.02 0.01 0.02 -0.01 0.03 0.11
Raw Materials/Sales 0.57 0.60 0.57 0.037 0.0006 0.99
Wages/Sales 0.06 0.06 0.07 -0.01 0.03 0.15
Market-to-book 1.10 0.95 1.10 -0.14 0.81 0.35

Panel B: Firm-product characteristics

All Below Above Difference RD
Estimate

p-value

(1) (2) (3) (4) (5) (6)

Ln(Product Sales) 4.10 3.80 4.10 -0.30 -0.48 0.47
Ln(Unit Cost) -5.00 -4.70 -5.00 0.33 -0.37 0.52
Ln(Unit Price) -5.00 -4.70 -5.00 0.36 -0.26 0.59
Margin(%) -2.30 -1.50 -2.50 1.00 -4.50 0.57
Ln(Unit CO2 Emissions) -2.50 -2.20 -2.50 0.36 -0.85 0.27
Ln(Value Energy Input) 13.69 13.83 13.66 0.17 -0.65 0.31
1Coal Use 0.22 0.18 0.23 -0.05 0.08 0.53
Coal's Proportion of Inputs 0.65 0.66 0.65 0.01 0.35 0.09
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TABLE 3: CHANGES IN CLUSTER INDUSTRIAL EMISSIONS BY POLLUTANT

This table reports the impact of the 2009 CEPI emissions regulation on industrial emissions. The unit of analysis
is at the cluster-year-month level. The dependent variable is the measurement of emissions within a 5 kilometer
radius circle around the centroid of the industrial cluster. In column 1, we focus on all pollutants whereas subsequent
columns break each out separately: PM2.5 (column 2), PM10 (column 3) and NO x (column 4). CEPI[70,100] takes the
value of one if the industrial cluster has a CEPI value at or above 70, and zero otherwise. CEPI[60,70) takes the value of
one if the industrial cluster has a CEPI value greater than or equal to 60 and below 70, and zero otherwise. The sample
is restricted to the 88 industrial clusters targeted by the CPCB in 2009 with the omitted category including clusters
with a CEPI value below 60. All speci�cations include cluster-address �xed effects and state � year-month �xed
effects. The table also reports thep-value from the joint test of the coef�cients as well as the mean of the dependent
variable in levels in the pre-reform year of 2008. The standard errors are clustered at the cluster-address level and are
robust to heteroscedasticity. ��� , �� , � denote signi�cance at the 1%, 5%, and 10% level, respectively. All variables are
de�ned in Appendix Table IAA10. Data: The Emissions Database for Global Atmospheric Research (EDGAR).

Dependent variable: Pollution Measurement (mg per month)

Pollutant(s): All PM 2.5 PM10 NO x

(1) (2) (3) (4)

Post � CEPI[60,70) (b1) -7.232�� -3.686� -7.113 -10.898�

(3.597) (2.054) (5.653) (6.536)

Post � CEPI[70,100] (b2) -7.109�� -3.489� -7.669 -10.169�

(3.225) (1.813) (4.748) (5.937)

2008 Dependent Variable Mean (Control) 23.09 16.86 38.95 13.45
Fixed effects:

Cluster � Pollutant Yes Yes Yes Yes
State � year-month � Pollutant Yes Yes Yes Yes

Adjusted- R2 0.932 0.949 0.946 0.836
Observations 54,648 18,216 18,216 18,216

p-value [ b1 � b2 = 0] 0.935 0.843 0.840 0.600
ATE -7.144 -3.545 -7.512 -10.375
t-statistic value [2.185] [1.928] [1.550] [1.702]
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TABLE 4: IMPACT ON ENERGY EFFICIENCY AND INPUTS

This table reports the changes in �rm energy use (panel A) and energy inputs (panel B) around the 2009 CEPI
emissions regulation. In panel A, the dependent variable in column 1 is the natural logarithm of the quantity of each
product produced by the �rm in the year, controlling for cost-per-unit. In column 2, it is the natural logarithm of the
input energy value at the �rm-year level, controlling for the natural logarithm of cost of goods sold. In panel B, the
dependent variable in column 1, is an indicator variable for if the �rm-product uses coal as an input. In column 2,
it is the proportion of electricity purchased for each product. CEPI[70,100] is an indicator variable for if the industrial
cluster has a CEPI value at or aboveCEPI[60,70) is an indicator variable for if the industrial cluster has a CEPI value
greater than or equal to 60 and below 70. The sample is restricted to the 88 industrial clusters targeted by the CPCB
in 2009 with the omitted category as clusters with a CEPI value below 60. All speci�cations include �rm and state �
two-digit industry � year �xed effects. The table also reports the p-value from the joint test of the coef�cients as well
as the mean of the dependent variable in levels in the pre-reform year of 2008. The standard errors are clustered at the
city level and are robust to heteroscedasticity. ��� , �� , � denote signi�cance at the 1%, 5%, and 10% level, respectively.
Data source: CMIE Prowess.

Panel A: Energy Ef�ciency

Dependent variable Ln(Quantity Produced) Ln(Value Energy Input)
(1) (2)

Post � CEPI[60,70) (b1) -0.204 -0.244���

(0.167) (0.068)

Post � CEPI[70,100] (b2) -0.083 -0.156��

(0.164) (0.061)

2008 Dependent Variable Mean (Control) 29,784 813m INR
Fixed effects:

Firm Yes Yes
State � Industry � Year Yes Yes

Adjusted- R2 0.543 0.952
Observations 11,878 10,732

p-value [ b1 � b2 = 0] 0.225 0.028
ATE -0.106 -0.172
t-statistic value [0.655] [2.828]

Panel B: Energy Inputs

Dependent variable 1Coal Use Proportion Purchased
Electricity

(1) (2)

Post � CEPI[60,70) (b1) -0.289� 0.196���

(0.150) (0.059)

Post � CEPI[70,100] (b2) -0.301��� 0.100��

(0.092) (0.036)

Ln(Quantity Produced) 0.033 -0.034
(0.027) (0.036)

2008 Dependent Variable Mean (Control) 0.17 0.46
Fixed effects:

Firm Yes Yes
State � Industry � Year Yes Yes

Adjusted- R2 0.185 0.673
Observations 565 901

p-value [ b1 � b2 = 0] 0.905 0.124
ATE -0.308 0.151
t-statistic value [3.350] [3.159]
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TABLE 5: IMPACT ON FIRM PORTFOLIO WEIGHTS

This table reports the changes to �rm product portfolios around the 2009 CEPI emissions regulation. The unit of
analysis is �rm-year. The dependent variable in column 1 is the �rm-level weight on the highest emission product in
the �rm's overall product portfolio, measured in percentage points. For column 2, it is the weight of the product that
uses the highest proportion of coal in its energy input mix in the �rm's overall product portfolio. CEPI[70,100] takes the
value of one if the industrial cluster has a CEPI value at or above 70, and zero otherwise. CEPI[60,70) takes the value
of one if the industrial cluster has a CEPI value greater than or equal to 60 and below 70, and zero otherwise. The
sample is restricted to the 88 industrial clusters targeted by the CPCB in 2009 with the omitted category comprising
clusters with a CEPI value below 60. The table also reports the p-value from the joint test of the coef�cients as well
as the mean of the dependent variable in levels in the pre-reform year 2008. All speci�cations include �rm and
State � two-digit industry � year �xed effects. The standard errors are clustered at the city level and are robust to
heteroscedasticity. ��� , �� , � denote signi�cance at the 1%, 5%, and 10% level, respectively. All variables are de�ned in
Appendix Table IAA10. Data: CMIE Prowess.

Dependent variable: Product with Highest Product with Highest
Emissions Weight2008 Coal Weight2008

(1) (2)

Post � CEPI[60,70) (b1) -0.318�� -0.309��

(0.118) (0.123)

Post � CEPI[70,100] (b2) -0.184� -0.139
(0.101) (0.114)

2008 Dependent Variable Mean (Control) 0.65 0.78
Fixed effects:

Firm Yes Yes
State � Industry � Year Yes Yes

Adjusted- R2 0.758 0.775
Observations 705 705

p-value [ b1 � b2 = 0] 0.215 0.123
ATE -0.218 -0.181
t-statistic value [1.98] [1.44]
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TABLE 6: IMPACT ON ABATEMENT INVESTMENT

This table reports the changes in �rm abatement expenditures around the 2009 CEPI emissions regulation. The unit
of analysis is �rm-year. The dependent variable in column 1 captures the extensive margin of investment with an
indicator variable that takes the value one if the �rm report environment and pollution control expenses in that year,
and zero otherwise. In column 2 captures the intensive margin, de�ned as the ratio of expenses and total assets,
winsorized at 1% tails. CEPI[70,100] takes the value of one if the industrial cluster has a CEPI value at or above 70, and
zero otherwise. CEPI[60,70) takes the value of one if the industrial cluster has a CEPI value greater than or equal to 60
and below 70, and zero otherwise. The sample is restricted to the 88 industrial clusters targeted by the CPCB in 2009
with the omitted category including clusters with a CEPI value below 60. The table also reports the p-value from the
joint test of the coef�cients as well as the mean of the dependent variable in levels in the pre-reform year 2008. All
speci�cations include �rm and state � two-digit industry � year �xed effects. The standard errors are clustered at the
city level and are robust to heteroscedasticity. ��� , �� , � denote signi�cance at the 1%, 5%, and 10% level, respectively.
All variables are de�ned in Appendix Table IAA10. Data: CMIE Prowess.

Dependent variable: 1Abatement Abatement/Assets
(1) (2)

Post � CEPI[60,70) (b1) 0.048 0.039�

(0.031) (0.020)

Post � CEPI[70,100] (b2) 0.077�� 0.038��

(0.029) (0.016)

2008 Dependent Variable Mean (Control) 0.06 0.01
Fixed effects:

Firm Yes Yes
State � Industry � Year Yes Yes

Adjusted- R2 0.638 0.676
Observations 10,752 10,752

p-value [ b1 � b2 = 0] 0.029 0.933
ATE 0.072 0.038
t-statistic value [2.419] [2.385]
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TABLE 7: IMPACT ON PRODUCTIVITY

This table reports the changes in �rm productivity around the 2009 CEPI emissions regulation. The unit of analysis
is �rm-year. The dependent variable in column 1 is the natural logarithm of revenue-based total factor productivity
estimated following Levinsohn and Petrin (2003) that controls for �rm size. The dependent variable in column 2 is
the total wage bill as a fraction of net sales while in column 3 it is investment, de�ned as the ratio of gross �xed assets
to total assets. In column 4, the dependent variable is the ratio of raw material expenses to �rm-level net sales. Post
is an indicator variable taking the value of one for all years from 2009, the year in which reform was implemented,
and zero otherwise. CEPI[70,100] takes the value of one if the industrial cluster has a CEPI value at or above 70, and
zero otherwise. CEPI[60,70) takes the value of one if the industrial cluster has a CEPI value greater than or equal to
60 and below 70, and zero otherwise. The sample is restricted to the 88 industrial clusters targeted by the CPCB in
2009 with the omitted category including clusters with a CEPI value below 60. The table also reports the p-value from
a joint test of the coef�cients as well as the mean of the dependent variable in levels in the pre-reform year (2008).
All speci�cations include �rm and state � two-digit industry � year �xed effects. Outcomes are winsorized at the
5% and 95% levels. The standard errors are clustered at the city level and are robust to heteroscedasticity. ��� , �� , �

denote signi�cance at the 1%, 5%, and 10% level, respectively. All variables are de�ned in Appendix Table IAA10.
Data source: CMIE Prowess.

Dependent variable: Productivity Wage Bill Investment Raw Material Exp.
(1) (2) (3) (4)

Post � CEPI[60,70) (b1) 0.100 0.001 0.002 -0.030�

(0.075) (0.007) (0.026) (0.018)

Post � CEPI[70,100] (b2) 0.127��� 0.000 0.008 -0.032��

(0.039) (0.004) (0.020) (0.014)

2008 Dependent Variable Mean (Control) 2.77 0.07 0.85 0.56
Fixed effects:

Firm Yes Yes Yes Yes
State � Industry � Year Yes Yes Yes Yes

Adjusted- R2 0.805 0.799 0.797 0.744
Observations 10,752 10,746 9,643 10,752
p-value [ b1 � b2 = 0] 0.695 0.975 0.790 0.840
ATE 0.122 0.000 0.007 -0.032

[3.238] [0.107] [0.340] [2.319]
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TABLE 8: IMPACT ON PRODUCT VARIETY

This table reports the changes to �rm product portfolios around the 2009 CEPI emissions regulation. The unit of
analysis is �rm-year. The dependent variable in column 1 is the natural logarithm of the total quantity produced for
each product in a year. In column 2 it is the natural logarithm of the total number of products produced by a �rm
in a year. In column 3 it is an indicator for whether the �rm added a product in a year. And in column 4 it is an
indicator for whether the �rm dropped a product in that year. CEPI[70,100] is an indicator variable for if the industrial
cluster has a CEPI value at or above 70. CEPI[60,70) is an indicator variable for if the industrial cluster has a CEPI
value greater than or equal to 60 and below 70. The sample is restricted to the 88 industrial clusters targeted by the
CPCB in 2009 with the omitted category including clusters with a CEPI value below 60. The table also reports the
p-value from the joint test of the coef�cients as well as the mean of the dependent variable in levels in the pre-reform
year 2008. All speci�cations include �rm and state � two-digit industry � year �xed effects. The standard errors are
clustered at the city level and are robust to heteroscedasticity. ��� , �� , � denote signi�cance at the 1%, 5%, and 10%
level, respectively. All variables are de�ned in Appendix Table IAA10. Data: CMIE Prowess.

Dependent variable: Ln(Product-level Ln(No. of 1Add Product 1Remove Product
Production) Products)

(1) (2) (3) (4)

Post � CEPI[60,70) (b1) -0.110 0.013 -0.117��� 0.003
(0.182) (0.078) (0.041) (0.036)

Post � CEPI[70,100] (b2) 0.030 0.007 -0.057� 0.023
(0.130) (0.072) (0.034) (0.030)

2008 Dependent Variable Mean (Control) 29,784 2.71 0.27 0.17
Fixed effects:

Firm Yes Yes Yes Yes
State � Industry � Year Yes Yes Yes Yes

Adjusted- R2 0.506 0.666 0.032 0.005
Observations 15,521 10,752 10,752 10,752

p-value [ b1 � b2 = 0] 0.429 0.904 0.094 0.314
ATE 0.008 0.008 -0.068 0.019
t-statistic value [0.063] [0.118] [2.138] [0.621]
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TABLE 9: CHANGES IN CLUSTER-LEVEL FIRM ENTRY

This table reports changes in cluster �rm entry around the 2009 CEPI emissions regulation. The unit of analysis
is cluster-industry-year. Panel A reports changes in �rm entry using the universe of business registration from the
Ministry of Corporate Affairs while Panel B reports changes in �rm entry from CMIE Prowess. Across both panels,
the dependent variable in column 1 is an indicator for whether at least one manufacturing �rm incorporates in the
cluster in a given industry in the year. In column 2 it is one plus the natural logarithm of the number of newly
registered manufacturing �rms in that year. In column 3 it is the inverse hyperbolic sine of the number of newly
registered manufacturing �rms in that year. In column 4 it is the raw number of newly-registered manufacturing
�rms in each cluster in a speci�c industry in that year. CEPI[70,100] is an indicator variable for if the industrial cluster
has a CEPI value at or above 70. CEPI[60,70) is an indicator variable for if the industrial cluster has a CEPI value
greater than or equal to 60 and below 70. The sample is restricted to the 88 industrial clusters targeted by the CPCB
in 2009 with the omitted category as clusters with a CEPI value below 60. The table also reports the p-value from the
joint test of the coef�cients as well as the mean of the dependent variable in levels in the pre-reform year 2008. In
both panels, columns 1 through 3 are estimated using ordinary least squares (OLS) while column 4 is estimated using
pseudo-Poisson maximum likelihood (PPML). All speci�cations include cluster, two-digit industry � year, and state
� year �xed effects. The standard errors are clustered at the city level and are robust to heteroscedasticity. ��� , �� ,
� denote signi�cance at the 1%, 5%, and 10% level, respectively. All variables are de�ned in Appendix Table IAA10.
Data: Ministry of Corporate Affairs and CMIE Prowess.

Panel A: All �rms from business registry

Dependent variable: 1New Firm Log(No. of asinh(No. of No. of �rms
�rms) �rms) (Poisson)

(1) (2) (3) (4)

Post � CEPI[60,70) (b1) -0.005 -0.006 -0.007 -0.154
(0.011) (0.010) (0.013) (0.129)

Post � CEPI[70,100] (b2) -0.018� -0.014 -0.018 -0.193�

(0.010) (0.009) (0.012) (0.115)

2008 Dependent Variable Mean (Control) 0.07 0.19 0.19 0.19
Fixed effects:

Cluster Yes Yes Yes Yes
State � Industry � Year Yes Yes Yes Yes

Adjusted- R2 0.405 0.534 0.535
Observations 33,810 33,810 33,810 20,590

p-value [ b1 � b2 = 0] 0.101 0.284 0.261 0.704
ATE -0.014 -0.011 -0.014 -0.177
t-statistic value [1.396] [1.288] [1.271] [1.602]

Panel B: Large �rms in CMIE Prowess

Dependent variable: 1New Firm Log(No. of asinh(No. of No. of �rms
�rms) �rms) (Poisson)

(1) (2) (3) (4)

Post � CEPI[60,70) (b1) -0.003 0.001 0.001 -0.289
(0.017) (0.016) (0.021) (0.440)

Post � CEPI[70,100] (b2) -0.041� -0.035� -0.045� -0.795��

(0.021) (0.018) (0.023) (0.370)

2008 Dependent Variable Mean (Control) 0.01 0.01 0.01 0.01
Fixed effects:

Cluster Yes Yes Yes Yes
State � Industry � Year Yes Yes Yes Yes

Bandwidth Yes Yes Yes Yes
Adjusted- R2 0.172 0.212 0.213
Observations 4,416 4,416 4,416 678

p-value [ b1 � b2 = 0] 0.018 0.074 0.076 0.103
ATE -0.024 -0.019 -0.025 -0.655
t-statistic value [1.351] [1.433] [1.439] [1.672]
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INTERNET APPENDIX FOR ONLINE PUBLICATION

Appendix A Additional �gures and tables

TABLE IAA1: SUMMARY STATISTICS BY PRODUCT SECTOR

This table reports summary statistics by two-digit NIC product code in 2008, the year before the CEPI reform. Column (1) reports
the share of the output by sector in 2008. Column (2) reports the number of unique product codes within each NIC sector. Data
source: CMIE Prowess. Industry Classi�cation: Central Statistical Organization (2008). National Industrial Classi�cation 2008.
Ministry of Statistics and Programme Implementation, Government of India.

Manufacturing sector Share of total
output

Unique
products

(1) (2)

Beverages 0.47 27
Tobacco Products 0.89 24
Textiles 4.80 177
Readymade Garments 1.42 65
Leather Products 0.26 33
Wood Products 0.08 25
Paper Products 1.54 59
Printing and Recording 0.26 15
Coke and Petroleum Products 0.45 27
Chemicals 9.69 312
Pharmaceuticals 6.99 96
Rubber and Plastics 4.94 169
Cement, Ceramics, and Glass 5.83 93
Metals 26.93 201
Tools and Hardware 2.62 119
Computers and Optical Equipment 3.03 145
Electrical Equipment 6.26 205
Machinery 5.55 216
Motor Vehicles and Trailers 9.37 24
Transport Equipment 3.21 143
Furniture 0.00 7
Other Manufacturing 5.40 54
Total 100 2,236
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TABLE IAA2: CLUSTER-LEVEL COVARIATE BALANCE

This table presents mean values for baseline city characteristics, as recorded in Population Census. Column 1 presents the uncondi-
tional mean while column 2 (column 3) presents the mean for clusters below (above) the treatment threshold. Column 4 presents the
difference in means between cities below the treatment threshold and cities above the treatment threshold. Additionally, column 5
shows the regression discontinuity estimate, following the main estimating equation, of the effect of being above the treatment
threshold on the baseline variable and column 6 is the p-value for this estimate, using heteroskedasticity-robust standard errors.
Data: Population Census and Harari (2020).

All Below Above Difference Estimate p-value

(1) (2) (3) (4) (5) (6)

City roads, km, 1981 337.206 268.936 391.822 -122.886 -297.226 0.486

Log(population), 2001 13.330 13.015 13.572 -0.556 0.403 0.693

Population density (000 per Sq. km), 2001 8.632 9.387 7.993 1.394 -1.081 0.802

Average rent (per Sq. m.), 2008 953.696 907.779 990.430 -82.651 356.072 0.422

Nearest waterway (km), 2008 13.901 17.660 10.948 6.713 -16.694 0.182

Agricultural yields (tons/ha), 2008 1.440 1.485 1.406 0.079 0.111 0.123

Area footprint (Sq. km.), 2008 187.831 114.277 250.069 -135.792 184.250 0.485
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TABLE IAA3: IMPACTS ON FINE PARTICULATE MATTER (PM 2.5)

This table reports the impact of CEPI reform on �ne particulate matter using data from Van Donkelaar, Martin, Spurr,
and Burnett (2015). The unit of analysis for Panel (a) is at the cluster-yearmonth level. All speci�cations include
cluster-address �xed effects and State � yearmonth �xed effects. The unit of analysis for Panel (b) is at the �rm-
yearmonth level. All speci�cations include �rm �xed effects and Industry � State � yearmonth �xed effects. In both
panels, Post is an indicator variable taking the value of 1 for all years including 2009 the year in which reform was
implemented and after. CEPI[70,100] takes the value of one if the industrial cluster has a CEPI value at or above 70,
and zero otherwise. CEPI[60,70) takes the value of one if the industrial cluster has a CEPI value greater than or equal
to 60 and below 70, and zero otherwise. The sample is restricted to the 88 industrial clusters targeted by the CPCB
in 2009 with the omitted category including clusters with a CEPI value below 60. The table also reports the p-value
from the joint test of the coef�cients and the mean of the dependent variable in levels in the pre-reform year of 2008.
The standard errors are clustered at the cluster-address level and are robust to heteroscedasticity. ��� , �� , � denote
signi�cance at the 1%, 5%, and 10% level, respectively. All variables are de�ned in Appendix Table IAA10. Data
source: Van Donkelaar, Martin, Spurr, and Burnett (2015).

Dependent variable: Fine PM2.5 (mg/ m3)

Panel A: Cluster-Year-Month Level

Radii of circle: 5 kilometers 500 meters
(1) (2)

Post � CEPI[70,100] (b2) -2.311��� -1.893��

(0.775) (0.743)

Post � CEPI[60,70) (b1) -1.018 -0.560
(0.756) (0.673)

2008 Dependent Variable Mean (Control) 84.0 80.7
Fixed effects:

Cluster Yes Yes
State � year-month Yes Yes

Bandwidth Yes Yes
Adjusted- R2 0.959 0.954
Observations 17,952 18,216
p-value [ b1 � b2 = 0] 0.005 0.069
ATE -1.962 -1.516

[2.596] [2.152]

Panel B: Firm-Year-Month Level

Radii of circle: 1 kilometer 500 meters 250 meters
(1) (2) (3)

Post � CEPI[70,100] (b2) -1.076� -1.081� -1.078�

(0.545) (0.546) (0.550)

Post � CEPI[60,70) (b1) -0.294 -0.245 -0.213
(0.561) (0.574) (0.586)

2008 Dependent Variable Mean (Control) 52.8 52.8 52.8
Fixed effects:

Firm Yes Yes Yes
Industry � State � year-month Yes Yes Yes

Adjusted- R2 0.983 0.983 0.982
Observations 119,940 125,700 127,608
p-value [ b1 � b2 = 0] 0.073 0.067 0.067
ATE -0.932 -0.927 -0.919

[1.744] [1.730] [1.703]
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(a) Radii of circle: 5 kilometers

(b) Radii of circle: 500 meters

FIGURE IAA1: CHANGES TO CLUSTER-LEVEL FINE PARTICULATE MATTER (PM 2.5)

This �gure presents the dynamic coef�cients and their corresponding 95% con�dence intervals from a difference-in-

differences empirical speci�cation (Equation 3) on data from Van Donkelaar et al. (2015). In Panel A cluster-level

pollution is measured within a 5-kilometer radius of the center of each industrial cluster, while in panel B pollution

is measured within a 500-meter radius. Coef�cients are relative to 2008, the year before CEPI regulation, which is

normalized to zero. A dotted vertical line indicates the reform. The sample is restricted to the 88 industrial clusters

targeted by the CPCB in 2009 with the omitted category including clusters with a CEPI value below 60.
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TABLE IAA4: CHANGES IN ENERGY EMISSIONS BY POLLUTANT
This table reports the impact of CEPI reform on the power generation sector using data from EDGAR. The unit of analysis is at
the cluster-year-month level. The dependent variable is emissions from the database within a 5 kilometer radius circle around the
centroid of the industrial cluster. In column 1, we focus on all pollutants whereas we break them out separately in subsequent
columns. CEPI[70,100] is an indicator variable for if the industrial cluster has a CEPI value at or above 70. CEPI[60,70) is an indicator
variable for if the industrial cluster has a CEPI value greater than or equal to 60 and below 70. The sample is restricted to the 88
industrial clusters targeted by the CPCB in 2009, with the omitted category as clusters with a CEPI value below 60. All speci�cations
include cluster-address �xed effects and state � year-month �xed effects. The table also reports the p-value from the joint test of the
coef�cients as well as the mean of the dependent variable in levels in the pre-reform year of 2008. The standard errors are clustered at
the cluster-address level and are robust to heteroscedasticity. ��� , �� , � denote signi�cance at the 1%, 5%, and 10% level, respectively.
All variables are de�ned in Appendix Table IAA10. Data: The Emissions Database for Global Atmospheric Research (EDGAR).

Dependent variable: Pollution Measurement (mg per month)

Pollutant(s): All PM 2.5 PM10 NO x

(1) (2) (3) (4)

Post � CEPI[60,70) (b1) -0.229 -0.112 -0.170 -0.405
(0.715) (0.274) (0.542) (1.415)

Post � CEPI[70,100] (b2) -0.169 -0.181 -0.184 -0.143
(0.755) (0.304) (0.549) (1.520)

2008 Dependent Variable Mean (Control) 8.18 1.78 3.34 19.43
Fixed effects:

Cluster � Pollutant Yes Yes Yes Yes
State � year-month � Pollutant Yes Yes Yes Yes

Adjusted- R2 0.756 0.795 0.823 0.734
Observations 29,808 9,936 9,936 9,936

p-value [ b1 � b2 = 0] 0.915 0.765 0.975 0.792
ATE -0.186 -0.161 -0.180 -0.217
t-statistic value [0.266] [0.579] [0.357] [0.153]
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TABLE IAA5: IMPACT ON PRODUCT EMISSIONS

This table reports the changes in product CO2 emissions around the 2009 CEPI emissions regulation. The unit of
analysis is �rm-product-year. The dependent variables are: Product-level emissions (column 1) and Product-level
emissions scaled by production quantity (column 2). Post is an indicator variable taking the value of 1 for all years
including 2009 the year in which reform was implemented and after. CEPI[60,70) takes the value of one if the industrial
cluster has a CEPI value greater than or equal to 60 and below 70, and zero otherwise. CEPI[70,100] takes the value
of one if the industrial cluster has a CEPI value at or above 70, and zero otherwise. The sample is restricted to the
88 industrial clusters targeted by the CPCB in 2009 with the omitted category including clusters with a CEPI value
below 60. All speci�cations include �rm and State � two-digit industry � year �xed effects. The table also reports
the p-value from the joint test of the coef�cients and the mean of the dependent variable in levels in the pre-reform
year 2008. The standard errors are clustered at the city level and are robust to heteroscedasticity. ��� , �� , � denote
signi�cance at the 1%, 5%, and 10% level, respectively. All variables are de�ned in Appendix Table IAA10. Data
source: CMIE Prowess.

Dependent variable: Ln(Product CO 2 Ln(Per Unit CO 2
Emissions) Emissions)

(1) (2)

Post � CEPI[60,70) (b1) -1.083��� -0.885���

(0.283) (0.306)

Post � CEPI[70,100] (b1) -0.944�� -0.687��

(0.346) (0.270)

Ln(Production Quantity) 0.801 ��

(0.334)

2008 Dependent Variable Mean (Control)
Fixed effects:

Firm
State � Industry � Year

Adjusted- R2 0.836 0.656
Observations 901 901
p-value [ b1 � b2 = 0] 0.691 0.579
ATE

66



TABLE IAA6: CHANGES IN FIRM-LEVEL FACTORS OF PRODUCTION

This table reports the changes in factors of production around the 2009 CEPI emissions regulation. The unit of analysis is �rm-year.
CEPI[60,70) is an indicator variable for if the industrial cluster has a CEPI value greater than or equal to 60 and below 70 CEPI[70,100]

is an indicator variable for if the industrial cluster has a CEPI value at or above 70. The sample is the 88 industrial clusters targeted
by the CPCB in 2009, with the omitted category as clusters with a CEPI value below 60. All speci�cations include �rm and state
� two-digit industry � year �xed effects. The table reports the p-value from the joint test of the coef�cients as well as the mean of
the dependent variable in levels in the pre-reform year 2008. The standard errors are clustered at the city level and are robust to
heteroscedasticity. ��� , �� , � denote signi�cance at the 1%, 5%, and 10% level, respectively. All variables are de�ned in Appendix
Table IAA10. Data: CMIE Prowess.

Dependent variable: Wage Bill Raw Material Exp. Investment
(1) (2) (3)

Post � CEPI[60,70) (b1) -0.005 -0.030 0.019
(0.005) (0.029) (0.031)

Post � CEPI[70,100] (b2) -0.002 -0.035 0.020
(0.003) (0.027) (0.024)

2008 Dependent Variable Mean (Control) 0.05 0.54 0.89
Fixed effects:

Firm Yes Yes Yes
State � industry � year Yes Yes Yes

Adjusted- R2 0.806 0.793 0.826
Observations 10,752 10,752 9,643
p-value [ b1 � b2 = 0] 0.326 0.222 0.429

TABLE IAA7: SHIFTING PRODUCTION: IMPACT ON MERGERS AND ACQUISITIONS
This table reports changes in mergers and acquisitions around the 2009 CEPI emissions regulation. The unit of analysis is �rm-year.
CEPI[70,100] is an indicator variable for if the industrial cluster has a CEPI value at or above 70. CEPI[60,70) is an indicator variable
for if the industrial cluster has a CEPI value greater than or equal to 60 and below 70. The sample is restricted to the 88 industrial
clusters targeted by the CPCB in 2009 with the omitted category as clusters with a CEPI value below 60. The table also reports the
p-value from the joint test of the coef�cients as well as the mean of the dependent variable in levels in the pre-reform year 2008. All
speci�cations include �rm and state � two-digit industry � year �xed effects. The standard errors are clustered at the city level and
are robust to heteroscedasticity. ��� , �� , � denote signi�cance at the 1%, 5%, and 10% level, respectively. All variables are de�ned in
Appendix Table IAA10. Data: CMIE Prowess.

Dependent variable: 1Target 1Acquired

(1) (2)

Post � CEPI[60,70) (b1) 0.018 -0.000
(0.012) (0.008)

Post � CEPI[70,100] (b2) 0.009 0.005
(0.009) (0.007)

2008 Dependent Variable Mean (Control) 0.00 0.00
Fixed effects:

Firm Yes Yes
State � Industry � Year Yes Yes

Adjusted- R2 -0.060 -0.118
Observations 10,752 10,752

p-value [ b1 � b2 = 0] 0.345 0.430
ATE 0.007 0.003
t-statistic value [0.740] [0.534]
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TABLE IAA8: SHIFTING PRODUCTION: PLANT ANNOUNCEMENTS
This table reports changes in the probabilities of plant announcements around the 2009 CEPI emissions regulation. The unit of
analysis is �rm-year. CEPI[70,100] is an indicator variable for if the industrial cluster has a CEPI value at or above 70. CEPI[60,70) is an
indicator variable for if the industrial cluster has a CEPI value greater than or equal to 60 and below 70 The sample is restricted to
the 88 industrial clusters targeted by the CPCB in 2009 with the omitted category as clusters with a CEPI value below 60. The table
also reports the p-value from the joint test of the coef�cients as well as the mean of the dependent variable in levels in the pre-reform
year 2008. All speci�cations include �rm and state � two-digit industry � year �xed effects. The standard errors are clustered at the
city level and are robust to heteroscedasticity. ��� , �� , � denote signi�cance at the 1%, 5%, and 10% level, respectively. All variables
are de�ned in Appendix Table IAA10. Data: CMIE Prowess and CapEx.

Dependent variable: 1New Plant 1Abandon Plant

(1) (2)

Post � CEPI[60,70) (b2) 0.008 0.003
(0.013) (0.011)

Post � CEPI[70,100] (b1) -0.010 -0.004
(0.011) (0.010)

2008 Dependent Variable Mean (Control) 0.00 0.00
Fixed effects:

Firm Yes Yes
State � industry � year Yes Yes

Adjusted- R2 0.350 0.284
Observations 10,752 10,752
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TABLE IAA9: SHIFTING PRODUCTION: WITHIN FIRM-PRODUCT ESTIMATION

This table reports the changes in �rm production around the 2009 CEPI emissions regulation. The unit of analysis
is �rm-product-year, controlling for the cost per unit of production. The dependent variable is the natural logarithm
of the quantity of product produced by the �rm in the year. Post is an indicator variable for all years from 2009,
the year in which reform was implemented. CEPI[70,100] is an indicator variable for if the industrial cluster has a
CEPI value at or above 70. CEPI[60,70) is an indicator variable for if the industrial cluster has a CEPI value greater
than or equal to 60 and below 70. The sample is restricted to the 88 industrial clusters targeted by the CPCB in 2009
with the omitted category as clusters with a CEPI value below 60. Column 1 includes �rm and state � main NIC2
industry � �scal year �xed effects while column 2 includes �rm � product and state � main NIC2 industry � �scal
year �xed effects. The table also reports the p-value from the joint test of the coef�cients as well as the mean of the
dependent variable in levels in the pre-reform year 2008. The standard errors are clustered at the city level and are
robust to heteroscedasticity. ��� , �� , � denote signi�cance at the 1%, 5%, and 10% level, respectively. Data source:
CMIE Prowess.

Ln(Quantity Produced)

Dependent variable (1) (2)

Post � CEPI[60,70) (b1) -0.204 -0.195
(0.167) (0.166)

Post � CEPI[70,100] (b2) -0.083 -0.169
(0.164) (0.170)

2008 Dependent Variable Mean (Control) 29,784 29,784
Fixed effects:

Firm Yes No
Firm � Product No Yes
State � NIC2 Industry � Year Yes Yes

Adjusted- R2 0.543 0.782
Observations 11,878 11,750
p-value [ b1 � b2 = 0] 0.225 0.820
ATE -0.106 -0.174

[0.655] [1.069]
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FIGURE IAA2: PRODUCTION RESPONSE BY PRE-REFORM FIRM SIZE

The �gure reports treatment effects of the 2009 CEPI reform on ln (product-level production ) by 2008 �rm size, proxied by total

assets. Panel A estimates the model separately within size bins. Panel B estimates a single interaction speci�cation in which the

treatment slope varies by bin while other slopes are common. In each panel, the left �gure estimates by quartiles while the right

by the median of �rm size. Points are coef�cients; bars are 95% con�dence intervals. Speci�cations use the regression sample of

multi-product manufacturing �rms in CEPI clusters and include �rm � product and state � NIC2-industry � year �xed effects. The

standard errors are clustered at the city level and are robust to heteroscedasticity.
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TABLE IAA10: VARIABLE DEFINITIONS
This table presents de�nitions to variables used in the paper. EDGAR refers to the 'Emissions Database for Global Atmospheric Research' data, available at https://edgar.jrc.ec.europa.

eu/dataset_htap_v3. PROWESS refers to the 'Performance and Ownership with Excellence' available at https://prowessdx.cmie.com/. CBCB refers to the 'Central Pollution Control

Board', with supporting data available at https://cpcb.nic.in/. Note, all normalized variables at the �rm-level are winsorized at the 1% tails, except for leverage, productivity, and

pro�tability which are winsorized at the 5% tails. All product-level variables are winsorized at the 1% tails except for emissions, which is winsorized at the 2.5% tails.

Variable Description Data Source

Panel A: Pollution

All Pollution Summation of pollution measures for a given area EDGAR
PM2.5 Particulate Matter with a diameter of 2.5 micrometers or less, measured in Mg/month EDGAR
PM10 Particulate Matter with a diameter of 10 micrometers or less, measured in Mg/month EDGAR
NOx Nitrous oxides, measured in Mg/month EDGAR
PM2.5 Fine Particulate Matter with a diameter of 2.5 micrometers or less, measured in Mg/month Van Donkelaar et al. (2015)

Panel B: Firm Characteristics

Assets (million INR) Total assets of �rm operations in INR PROWESS
Sales (million INR) Total revenue from goods and services sold in missions of INR PROWESS
Leverage The sum of short- and long-term debt obligations scaled by contemporaneously reported Total Assets. PROWESS
Exporting intensity Firm earnings from exports of goods plus services scaled by contemporaneous total sales PROWESS
Ln(Productivity) The natural log of �rm productivity, calculated following Levinsohn and Petrin (2003) and controls for �rm size PROWESS
Pro�tability Earnings Before Interest, Taxes, Depreciation, and Amortization as a ratio of the prior year sales PROWESS
Investments/Assets Gross �xed assets as a ratio of the prior year total assets PROWESS
Raw Materials/Sales Raw material inputs scaled by contemporaneously reported net sales PROWESS
Wages/Sales Total wages scaled by contemporaneously reported net sales PROWESS
Market-to-book The total number of listed shares multiplied by the share price at the end of the �scal year, scaled by contemporaneously reported

total assets. Reported for listed �rms
PROWESS

Number of Products Number of unique products for a given �rm in a given year PROWESS
1 File Energy Inputs Indicator for whether the �rm reports inputs PROWESS
1 New Plant Indicator for whether the �rm announced a new plant in the year CapEx
1 Abandon Plant Indicator for whether the �rm announced that it abandoned the plant in the year CapEx

Panel C: Product Characteristics

Ln(Product Sales) The natural logarithm of the per-product sales PROWESS
Ln(Product COGS) The natural logarithm of the per-product cost of goods sold (COGS) PROWESS
Unit Price The natural logarithm of the per-unit price, where unit is unique within but not across �rm PROWESS
Margin Is measured as (unit price - unit cost)/unit price PROWESS
Ln(Per Unit CO2 Emissions) Author-calculated CO2 emissions per reported unit of production PROWESS
TFPQ Natural logarithm of quantity-based total factor productivity estimated following De Loecker, Goldberg, Khandelwal, and Pavcnik

(2016)
PROWESS

TFPR Natural logarithm of total factor productivity estimated following Levinsohn and Petrin (2003) that controls for �rm size PROWESS

Panel D: Cluster Characteristics

CEPI[70,100] CEPI equal or greater than 70, and less or equal to 100 PROWESS and CPCB
CEPI[60,70) CEPI equal or greater than 60, and less than 70 PROWESS and CPCB
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Appendix B Additional background on the regulation
By 2009, India was an acknowledged industrial powerhouse. However, signi�cant environmental degradation accom-
panied impressive growth. This pollution concentrated in industrial clusters, which shared infrastructure, administra-
tive structures, and proximity to major population centers made desirable locations for manufacturing and industrial
production. District and state authorities have regulated industrial cluster emissions since environmental regulation
began in the 1980s. However, enforcement has been uneven, emissions measurements and regulatory thresholds were
not standardized, and �rms were often allowed to self-monitor, rather than be subjected to independent auditors.
Moreover, the government lacked even basic information on industrial environmental impact for most locations.

Against this background, the Central Pollution Control Board (CPCB) of the Ministry of Environment, Forest
and Climate Change conducted a comprehensive environmental assessment of industrial clusters. The aims were
to enhance, standardize and centralize pollution monitoring. The �rst step was to design a measure of pollution:
The Comprehensive Environmental Pollution Index (CEPI hereafter). Figure 1 describes its construction. The CEPI
combines proxies for (1) the amount and toxicity of pollutants, (2) the potential impact of that pollution on humans and
ecosystems, and (3) an assessment of the quality of actions already taken by cluster �rms to capture or adequately
dispose of emissions. We include a complete discussion of each component and its construction as of the 2009
regulation in Central Pollution Control Board of India (2009).

Of the over two thousand industrial clusters in 2009, the CPCB reported CEPI values for the 88 worst-polluting
clusters. The CPCB classi�ed those clusters with a CEPI above 60 as Severely Polluted Areas. These became subject
to central monitoring at the national level rather than the relatively weak local control. Moreover, the CPCB classi�ed
industrial clusters with a CEPI of at least 70 as Critically Polluted Areas, which were additionally mandated to submit
a remedial action plan for approval detailing the actions and timelines at the cluster and �rm levels.

If a �rm within a Critically Polluted Area failed to comply with the directives of the action plan, then they would
lose their Environmental Clearance and Consent to Operate permits that allow �rms to function within the formal
economy. Moreover, Consent to Establish permits could not be issued to new operations if they do not fully comply
with the cluster regulations and action plans.

Consider the example of the action plan for the CPA Patancheru-Bollaram Cluster in Andhra Pradesh (Pollution
Control Board of Andhra Pradesh, 2010), which contains the operations of 106 establishments and whose CEPI, at
70.07, was just over the cutoff between being classi�ed as a Severely or Critically Polluted Area. The Action Plan
speci�es a lengthy list of speci�c actions and deadlines agreed to by the �rms of the cluster. For example, the cluster
agreed to build a common ef�uent treatment plant, a treatment storage and disposal facility, and alternative drainage
systems so no �rm would outlet emissions into signi�cant water bodies. In addition, �rms operating in speci�c high-
polluting industries would no longer be allowed to expand, and new �rms in these industries could not be established
in the cluster. The plan also listed self-policing mechanisms the cluster agreed to in order to prevent illegal dumping.
In addition, the cluster agreed to pay compensation to local farmers affected by pollution and to supply drinking
water to affected villages. The action plan then details a long list of agreed investments and recorded progress for
each of the 106 individual establishments in the cluster.

The CPCB also installed continuous remote pollution sensors for air, water, and land pollution, video cameras
(including night cameras) on the premises of factories at the point of their process emissions, and instigated tri-annual
CPCB audits (January-February, May-June, and September-October) and quarterly audits from district and state level
monitoring committees. These reports were released to the public annually via the CPCB website. Each report speci�es
the longitude and latitude of the air and water sampling locations, the laboratories used to carry out sampling and
analyze the samples, and the date of the sampling. Then for each of air, groundwater and surface water samples the
report speci�es a particular pollutant (e.g., lead) or parameter (e.g., color (Hazen units)), the measurements of that
pollutant and the test method used. Finally, the report includes photographs of the measurements. To give readers
an idea, Figure IAB3 provides an example of the monitoring documentation for the Patancheru-Bollaram Cluster in
Andhra Pradesh. Panel (a) reports the locations of water sampling locations superimposed over a map of the cluster.
Panel (b) reproduces a few of the sampling documentation photographs of air, surface and groundwater sampling in
the Patancheru-Bollaram Cluster.

Finally, we complement the analysis presented in Figure 3 testing for manipulation of the original, 2009 CEPI with
complementary McCrary (2008) density tests for the re-calculated CEPI values in 2011 and 2013. Note that in 2011
and 2013 only the CEPI values for those �rms that had been ranked CPA in 2009 were published, so we are testing
for manipulation in these updated values among the 2009 CPA sub-population. In summary, in India, as elsewhere,
holding �rms accountable for their environmental impact was dif�cult with unreliable data and weak enforcement.
Accordingly, the CPCB centralized control and broadened its scrutiny of emissions. It automated monitoring to the
extent possible, increased auditor independence, and instigated overlapping monitoring regimes. Moreover, the CPCB
increased engagement speci�c cutoffs de�ned escalating severity of regulatory scrutiny.
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(a) Water sampling locations

(b) Sampling documentation photos

FIGURE IAB3: PANTANCHERU-BOLLARAM CLUSTER POLLUTION MONITORING

This �gure illustrates monitoring around the Pantancheru-Bollaram cluster. Panel (a) illustrates water sampling locations with the

blue dots signifying water collection sites. Panel (b) documents sampling at these sites. Source: CPCB annual reports, “Sampling

and Analysis of Ambient Air Quality and Water Quality in Industrial/Cluster Areas.”
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(a) 2011 CEPI

(b) 2013 CEPI

FIGURE IAB4: TEST FOR MANIPULATION OF THE CEPI IN 2011 AND 2013

This �gure studies potential manipulation of CEPI. Panel (a) reports the �tted distribution of the 2011 CEPI update around the

cutoff at 70 (normalized to zero) for clusters with a 2009 CEPI of at least 70 (Critically Polluted Areas). Panel (b) reports the �tted

distribution of the 2013 CEPI update around the (updated) cutoff at 60 (normalized to zero) for the same sample. Source: CPCB.
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B.1 Remedial Action Plans
In January 2010, 43 industrial clusters across India with CEPI values above 70 were required to formulate an action
plan. These plans include targeted measures to tackle speci�c sources of pollution, such as stricter ef�uent and emis-
sion norms, upgrading pollution control facilities, and adopting cleaner technologies. The content of the action plans
varied signi�cantly across different states and clusters, depending on local environmental priorities and industrial ac-
tivities. For example, the Howrah industrial cluster in West Bengal concentrated on enhancing air quality monitoring
and controlling emissions from small-scale industries.

The action plans were implemented by the industries with oversight from state pollution control boards and
other regulators. Regular monitoring and assessment were conducted to evaluate the effectiveness of these measures
in reducing pollution. The action plan for Howrah, excerpted in Figure IAB5, included upgrading treatment plant
technology, promoting the adoption of cleaner production techniques, and improving solid waste management prac-
tices to mitigate the impact of hazardous waste on the environment. The Howrah action plan includes the installation
of a Common Ef�uent Treatment Plant (CETP), an Ambient Air Quality Monitoring system (AAAQM), and the de-
velopment of a proper drainage facility. The plan includes deadlines and speci�es about who bears implementation
responsibility. In these examples, it is shared between industry associations, individual industries, the West Bengal
Pollution Control Board (WBPCB), and the Ministry of Environment and Forests (MOEF). Finally, the action plan
includes a projected cost. For example, installation of the treatment plant is projected at approximately 1.5 Crore
INR (around 309,917 USD). The cost is expected to be shared between the industry association and the WBPCB. This
example is from the Long Term Action points (to be completed in a year or later from agreement) in the category of
water emissions. More generally, the action plans typically divide actions into short-term (less than one year) and
long-term and between air, water, and land category emissions.

FIGURE IAB5: INDUSTRY-LEVEL ABATEMENT EVIDENCE FROM ACTION PLANS

This �gure reports anecdotal evidence collected from the action plan of the Howrah industrial cluster in West Bengal on speci�c

abatement actions to be taken in the long-term (deadline more than one year) for industrial water emissions. Source: CPCB.

Action plans also included actions for speci�c �rms. Figure IAB6 is an example from the action plan for the action
plan for Haldia in West Bengal. Here we observe speci�c actions to reduce air, water and land-category impact,
including the technology to be adopted.
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FIGURE IAB6: FIRM LEVEL ABATEMENT EVIDENCE FROM ACTION PLANS

This �gure reports anecdotal evidence collected from the action plan of the Haldia industrial cluster in West Bengal on speci�c

abatement actions to be taken by Tata Chemicals Limited for the �scal year 2011 Source: CPCB.

We also observe evidence from the annual reports of listed �rms of the types of actions treated �rms undertook
to reduce their emissions. Annual reports are mandated by the Companies Act, 1956 and include details about
�rm �nancial performance, corporate governance, and strategic initiatives. In particular, we examine the sections on
corporate social responsibility activities, management discussion and analysis (MD&A), and disclosures on risks and
opportunities. In Figure IAB7 we include an example excerpt for JK Lakshmi Cement Limited in the Ankleshwar
industrial cluster in Gujarat for �scal year 2012 (calendar year 2011), the year following the implementation of the
action plan in Ankleshwar. We see that the �rm speci�cally mentions that they reduced their energy inputs overall
and that they switched to greener energy sources. This is anecdotal evidence that supports the robust �nding in
Table 4 that the average treated �rm took these exact actions.

FIGURE IAB7: FIRM LEVEL EVIDENCE FROM AUDITED ANNUAL REPORT

This �gure reports anecdotal evidence collected from �rm annual reports. It illustrates speci�c abatement actions taken JK Lakshmi

Cement Limited, located in the Ankleshwar industrial cluster in Gujarat, for the �scal year 2012.

76




	Institutional Background
	Data and Summary Statistics
	Data
	Final Sample and Summary Statistics

	Empirical Strategy
	Difference-in-Discontinuities (DiRD)
	Difference-in-Differences (DiD)
	Identification Assumptions

	Changes in Cluster-Level Air Emissions
	Greening Production and Abatement Investments
	Greening Production
	Abatement Expenditures
	Heterogeneity in emissions reduction

	Firm Productivity
	Cluster Dynamism and Aggregate Impacts
	Changes to Product-level Outputs
	Business Dynamism: Firm Entry
	Other Margins of Adjustment

	Conclusion
	Appendix Additional figures and tables
	Appendix Additional background on the regulation
	Remedial Action Plans

	Appendix Determinants of Compliance
	Appendix Measuring cluster-level pollution
	Emission Database or Global Atmospheric Research (EDGAR)
	Fine Particulate Matter (PM2.5) from Van Donkelaar et al. (2021)
	Measurement Procedure

	Appendix Product-Level CO2 Emissions
	Appendix Quantity Productivity Estimation
	Estimation assumptions
	Addressing empirical bias
	Effect of CEPI on Quantity Productivity

	Appendix Probability of Filing Regulatory Data

