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1 Introduction

Firms around the globe spend large amounts on corporate social responsibility (CSR)
activities (Benabou and Tirole, 2010; Hart and Zingales, 2017; Fioretti, 2022). Gov-
ernments have long promoted the private sector's participation in social causes through
tax incentives; in the developing world, some are mandating rms to spend a minimal
amount on CSR. In India, the rst country to do so, CSR expenditures represent 0.1%
of GDP.! But whether rms' CSR activities are ultimately bene cial for society, or
merely a diversion from their core economic role, has remained contested since the
early debates on the objectives of the rm (Berle, 1931; Dodd, 1932).

The standard economics view on CSR, de ned as the allocation of some pro ts to
social causes, is that contributions to such causes are best done by individuals, not
rms (Friedman, 1970). Firms could moreover engage in CSR purely for strategic
reasons that lead them to maximize their private returns, potentially at the expense
of social returns (Baron, 2001). A more positive view of CSR can be found in a
theoretical literature that argues that CSR can be welfare-improving if rms have
a technological advantagen producing public goods relative to the public or non-
pro t sector (Besley and Ghatak, 2007; Hart and Zingales, 2022) This occurs when
the public good is "bundled' with the production of the private good: a healthcare
rm may for example have a technological advantage in running a health screening
campaign. There is however no systematic evidence on how rms allocate their CSR
expenditures that could help understand the welfare e ects of CSR.

This paper seeks to |l this gap by studying how Indian rms allocate their CSR
expenditures. India is a particularly good context in which to study this, for two main
reasons. First, India is a large emerging economy facing substantial demand for public
goods with limited tax capacity (Das et al., 2023; Muralidharan, 2024). Whether CSR
can be an e ective mechanism for nancing public goods is thus a question of major
interest. Second, in 2013, India mandated that all large rms spend a minimum share
of their pro ts on a speci ed list of social causes and report on all their CSR projects.
This enables us to construct the rst dataset on the quasi-universe of CSR activities

1This represents one-third of total spending on India's National Rural Employment Guarantee
Scheme, one of the largest social protection programs in the world (World Bank, 2019).

2We use the term “public goods' in this paper in a broad sense to denote goods and services
widely regarded as serving the public interest (e.g., education, health), rather than in the strict
Samuelsonian (non-rival, non-excludable) sense.
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in any economy: we observe all CSR expenditures of the 6,500 largest Indian rms
over the period 2015 2019, and a detailed description of each CSR projéct.

We begin by presenting key facts about CSR in India. First, the allocation of
CSR across social topics (e.g. education, health) is similar to how other public good
providers allocate their expenditures. Second, rms specialize in topics, and rms
producing similar products make similar CSR choices. This suggests a potential
relationship between rms' technologies and their CSR allocation. Third, CSR ex-
penditures per capita are highly unequally distributed across space.

Motivated by these facts, we build a conceptual framework in which rms allocate
their CSR expenditures across project types, de ned by a topic and a location. Firms
di er in the technology they use to provide projects in each type to capture the
possibility that they have di erent technological advantages across types; we propose
one micro-foundation for why these technological advantages arise. They also have
heterogeneous preferences across types that can di er from those of the social planner,
allowing for wedges between private and social bene ts.

We contrast the privately optimal allocation we observe in the data to a counter-
factual socially optimal allocation. We highlight two properties of these allocations,
which we then test in the data. First, the socially optimal allocation isallocatively
e cient : conditional on a project type, rms that are relatively more productive at
this project type allocate more resources to it. The privately optimal allocation may
fail to satisfy this property if rms' preferences across project types do not align with
their technological advantage. Second, an allocation égjuitableif more resources are
allocated to project types with higher social bene ts. The socially optimal allocation
may not be equitable if project types with higher social bene ts are also costlier to
provide, i.e., if social bene ts and productivities are negatively correlated. In ad-
dition, in the privately optimal allocation, equity may also fail if rms' preferences
di er from social bene ts.

Our rst empirical exercise considers whether CSR is e ciently allocated across
social topics: do rms spend more on projects they have a technological advantage in?
Our key methodological innovation is to use Natural Language Processing (NLP) to
construct an index of technological proximity between the rms' for-pro t activity and
CSR topics. Our method compares two types of texts: we use the text in the industry
classi cation guidelines to describe rms' for-pro t technologies and the description

3We will make the data publicly available upon publication.
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of CSR projects in a social topic to describe the technology required to produce CSR
projects. We measure the proximity between 71 industries and 16 social topics using
the cosine similarity between the vectors of word embeddings for these two bodies of
text. We provide support for our key assumption: similarity in the word embedding
space re ects technological similarity, where rms' technologies are used to produce
both for-pro t goods and CSR projects.

We nd that rms' technological advantage is correlated with how they allocate
CSR across topics: conditional on the topic, a one standard deviation increase in the
proximity between a rm's industry and a topic increases the amount that the rm
spends on the topic by 16%. These results are robust to a wide range of robustness
checks, including using a more granular level of variation for technological proximity,
alternative NLP models or textual sources, and are not driven by a particular topic
or industry. Findings are also very similar when obtained on the sample of rms
that spend more on CSR than the amount required by the law; this suggests our
conclusions may not hinge on CSR being mandated and not voluntary. Our results
are thus consistent with the idea that rms use their technological advantage when
deciding how to allocate their CSR spending. Seen through the lens of the theoretical
CSR literature (Besley and Ghatak, 2007; Hart and Zingales, 2022), this implies that
CSR has the potential to be welfare-improving.

Firms allocating expenditures on public goods may however matter for equity
as well as e ciency. Turning to the allocation of expenditures across locations, we
nd that CSR expenditures in an area are positively correlated with that area's
level of development. A key mechanism behind this nding is that rms concentrate
their CSR spending in areas where they are headquartered or have establishments.
This could be e cient if, for example, they have better information on these areas'
needs. Assuming that public goods have higher social bene ts in poorer areas, this
nevertheless indicates that CSR is concentrated in areas where these bene ts are
lower. Overall, our ndings indicate that the spatial distribution of CSR spending is
regressive, including when compared to the distribution of government expenditures,
though this could be driven by e ciency considerations.

Our rst contribution is to the empirical literature on CSR. Most of this literature

40ur conceptual framework clari es that what we are interested in is the correlation between
technological advantage and CSR allocation, not a causal e ect. Whether rms spend more on
topics they have a technological advantage in because of their technology or because they have a
high preference for these topics is irrelevant from an allocative e ciency perspective.
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focuses on the relationship between rms' CSR activities and their nancial outcomes
(see Margolis et al., 2007; Christensen et al., 2021; Gillan et al., 2021; Hong and Shore,
2023; Starks, 2023, for reviews).More recent contributions focus on measuring rms'
social impact or characterize the diverse stakeholder preferences underpinning rms'
prosocial stance$. We build on this literature by leveraging data on CSR projects to
inform the welfare properties of corporate contributions to public good provision. Our
approach in particular complements that in Fioretti (2022), who uses detailed data on
all activities of one rm to show that it acts prosocially beyond pro t maximization.

In contrast, we consider the quasi-universe of CSR spending in a context in which the
amount of prosocial spending is given, and consider whether &docation is consistent
with welfare maximization.

In particular, we propose an empirical test for a key assumption in the theoretical
literature on CSR: that rms allocate their CSR spending according to the technolog-
ical advantage that stems from their for-pro t production technology (see Kitzmueller
and Shimshack, 2012, for a review). In most models, it is a necessary condition for
CSR to increase welfare that of shareholders (Hart and Zingales, 2017, 2022) or of
society (Besley and Ghatak, 2007; Magill et al., 2015; Broccardo et al., 20Z2)his
paper is, to the best of our knowledge, the rst to test and validate this assumption.

Our second contribution is to the literature on the private provision of public
goods. This literature focuses mostly on private provision via privatization or out-
sourcing (see Hart et al., 1997; Kotchen, 2006; Behaghel et al., 2014; Mukherjee, 2021;

SPrevious contributions have investigated CSR in the Indian context in particular.Manchiraju
and Rajgopal (2017); Dharmapala and Khanna (2018); Mukherjee et al. (2018); Bhattacharyya and
Rahman (2019); Rajgopal and Tantri (2023); Chhaochharia et al. (2025) investigate the e ect of the
mandate on CSR expenditures, rm value, or school enrollment. In the strategy literature, Gatignon
and Bode (2023) provide a descriptive analysis of Indian rms' CSR strategies. Chhaochharia et al.
(2025) consider the mandate's e ect on school enroliment.

6See e.g., Ferrell et al. (2016); Flammer and Luo (2017); Hedblom et al. (2019); Bertrand et
al. (2020); List and Momeni (2021); Gibson Brandon et al. (2022); Allcott et al. (2023); Cheng et
al. (2023); Christensen et al. (2023); Colonnelli et al. (2023); Fioretti et al. (2023); Hartzmark and
Shue (2023); Kahn et al. (2023); Conway and Boxell (2024); Green and Vallee (2024); Ferreira and
Nikolowa (2025).

"Note that this condition is necessary but not su cient for CSR expenditures to increase social
or shareholder welfare one also needs to assume government under-provision of the public good
and, for shareholder welfare, shareholder preferences for being socially responsible. CSR expen-
ditures could also increase shareholder welfare if shareholders look to management to solve their
free-riding problem (Morgan and Tumlinson, 2019), common ownership leads shareholders to want
to maximize industry pro t, not rms' pro t, etc. Hart and Zingales (2022) however, argue that such
considerations are second-order explanations compared to the technological advantage motivation.
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Knutsson and Tyrefors, 2022) and has thus far not studied CSR expenditures. It em-
phasizes tradeo s between the e ciency gains of private provision and adverse e ects
in quality or distributional outcomes. Our results point to a similar e ciency-equity
tradeo for CSR activities. This paper's scope is also reminiscent of work on charita-
ble giving studying the universe of charitable giving by individuals via administrative
data, though this literature has so far focused on rich countries (see List, 2011, for a
review) 8

Third, our results speak to debates regarding how to nance development. A large
literature considers how governments can raise more resources in low- and middle-
income countries (LMICs) given tax capacity constraints (see for example Besley and
Persson, 2009; Best et al., 2015; Gadenne, 2017; Jensen, 2022; Bergeron et al., 2024).
Our results suggest that mandating CSR spending can complement tax-raising e orts,
and indeed, several LMICs recently implemented CSR mandate laws similar to India's
(Lin, 2021). Our aim is not to compare the CSR mandate to an increase in taxes
on large Indian rms. We show, however, that the mandate was well enforced, with
an economically signi cant increase in CSR expenditures. The public framing of the
law as asking rms to contribute to development goals, together with the reporting
requirements, de facto led to a transfer of resources from the private sector to public
good provision in a context where tax enforcement itself is relatively weak.

Finally, our methodology builds on a growing literature using semantic distance
to capture distance in economically relevant space (Gentzkow et al., 2019; Ash and
Hansen, 2023) and in particular Hoberg and Phillips (2010, 2016) who use textual
analysis to characterize the product space in which rms compete. We derive model-
based tests to validate that word embeddings adequately capture technological prop-
erties of rms' production processes.

The paper is organized as follows. Section 2 describes our context of study, data,
and provides evidence on the implementation of India's CSR mandate. Section 3
provides key stylized facts regarding the allocation of CSR expenditure in our context
that motivate the simple conceptual framework that de nes our hypotheses of interest
in section 4. Section 5 considers the e ciency properties of the allocation of CSR
expenditures across topics, whilst section 6 studies the equity characteristics of the

8within this literature Card et al. (2010) nd that charitable contributions from individuals
increase substantially in areas where a rm's headquarters are located. Our results suggest corporate
contributions exhibit a similar type of home bias.
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allocation across locations. Section 7 concludes.

2 Context and Data

2.1 Corporate Social Responsibility in India

In August 2013, India passed into law section 135 of the Companies Act, which man-
dates that large rms spend at least 2% of their average pro ts over the last three
years on CSR activities. It came into e ect in April 2014. Large rms are de ned

as those with prots above INR 50 million, income above INR 10 billion, or a net
worth above INR 5 billion in any of the three preceding nancial years. These rms
represent a large share of the Indian economy, corresponding to approximately 60%
of formal sector activity. The act speci es the activities that qualify as CSR ex-
penditures, clari es that spending occurring within the "normal course of business’
(e.g., employee welfare) does not qualify, and imposes the formation of a CSR com-
mittee with at least one independent director. Importantly for our purposes, it also
makes reporting of all CSR activities to the Ministry for Corporate A airs (MCA)
compulsory. During our study period (2015 2019), the mandate was enforced on a
comply-or-explain basis, and since 2019 nes have been imposed for non-compliance.
For more details on the provisions of the mandate, see Appendix D.1. Over the period
2015 2019, the total annual CSR expenditure is 142,669 million INR (2,283 million
USD) on average, equivalent to 0.1% of GDBE) We return to discussing the e ects

of the law on CSR expenditures after describing our data.

2.2 Data

CSR data. Our main data source comes from the compulsory reporting of CSR
activities to the MCA. Since the scal year 2014 2015 (hereafter 2015), all liable rms
report on each of their CSR projects. The data is available on the MCA website and
contains, for each CSR project, the amount spent on the project, the CSR topic
this project belongs to (from a pre-speci ed list de ned in the law), and a textual

9These thresholds are not associated with any other requirements in Indian law.

10This is similar to the share observed in the US where charitable giving by corporations repre-
sented 27.36 billion USD in 2023, just under 0.1% of GDP (The Giving Institute, 2023). Throughout
the paper, we denominate in 2015 INR and apply an INR to USD exchange rate of 0.016.

6



description of the project. After cleaning procedures outlined in Appendix C, the
CSR data contains information on 124,813 projects conducted by 11,487 rms over
the period 2015 2019. From the 28 CSR topics speci ed by the law and available
in the CSR data, we group similar topics to obtain the 16 topics considered in our
analysis!! Because projects often span multiple years, we aggregate data across years
in what follows.

To the best of our knowledge, this is the most comprehensive dataset on CSR
activities for any country in the world. It is comparable in scope to data on charitable
giving by individuals in the US compiled by the Giving USA Foundation (see List,
2011) but contains more information on project types and, crucially for our purposes,
provides the o cial Corporate Identi cation Number (CIN) of each rm.

Accounting data. We combine CSR data with accounting data to obtain addi-
tional information on rms. We use the Prowess database from the Center for Moni-
toring the Indian Economy, which includes information from the income statements
and balance sheets of all publicly traded rms as well as a large number of private
rms. From this data, we obtain information on rms' industries at the 2-digit level,
which follows the National Industry Classi cation (NIC). We use information on CSR
expenditures reported in balance sheet statements to examine the implementation of
the reform, using data from 2007 onward. Finally, we obtain information on rms'
geographical locations: the data contains the location of rms' headquarters, and
we use the CapEx dataset from the Center for Monitoring the Indian Economy to
measure the location of large capital investments since 1995 to proxy for the presence
of rm establishments. In both cases “location’ refers to a state and, where available,
a district (see Appendix C.2.5 for more details).

We merge the CSR and Prowess accounting data at the rm level using rms'
CINs. The Prowess accounting data does not, by design, include all Indian rms
and has better coverage of large rms. We match 61% of rms and 91% of CSR
expenditures in the CSR data as well as 99% of the post-2015 CSR expenditures
reported in the accounting data. After the merge and a second set of cleaning steps
outlined in Appendix C, our main analysis sample consists of 86,334 projects by 6,573
rms distributed across 71 2-digit industries.

11This re-classi cation exploits the project descriptions to group together topics that contain few
projects and are conceptually very similar, e.g., “environmental sustainability' and “conservation of
natural resources'. See Appendix C.1.4 for a detailed description of the method.
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Table A.1 shows descriptive statistics of the variables used in our analysis. Firms
are large, and the distribution has a long right tail. We systematically present results
with and without weighting by rm size (proxied by total CSR expenditures) in what
follows. Figure A.1 plots the distribution of CSR expenditures by industry for the 20
largest industries in our data. The CSR shares follow a distribution similar to that
of value-added per industry for India, as expected given that CSR expenditures are
a function of pro ts.

Textual data.  Our main analysis exploits the description of projects in the CSR
data. To use this text, we perform a number of data cleaning steps described in
Appendix C.1.2. In particular, we Iter out uninformative tokens (words) and ob-
servations. After cleaning, the average project observation contains 4.3 informative
tokens (standard deviation is 4.0) and the average CSR topic contains 23,509 tokens
(standard deviation is 30,763)-? Figures C.2 C.4 provide a visualization of this data
by showing word clouds for the project descriptions by topic.

We encode the textual data using word embeddings. Word embeddings are a
natural language processing method in which individual words are represented as
real-valued vectors in a high-dimensional space. These vectors are meant to capture
the meaning of words so that similar words have similar vectors. In addition, an
internally consistent geometry on the vector space allows words to be related. We
use the word embeddings provided by the pre-trained Word2Vec model released by
Google. The model contains 300-dimensional vectors for 3 million words. We obtain
a vector representation of the text describing each CSR projept denotedvp. The
details of the implementation of Word2Vec are in Appendix C.1.3. We use Word2Vec
embeddings as our baseline due to their methodological transparency: representing
documents as the mean of token-level embeddings enables intuitive and interpretable
exploration of semantic patterns. We present results using OpenAl's NLP model as
a robustness check.

In section 5, we additionally exploit textual data characterizing the rms' indus-
tries. For each 2-digit industry, the Handbook of the National Industrial Classi cation
provides a description of the products and production technologies common to rms
in the industry. After cleaning, this text yields an average of 250 informative tokens
per industry (standard deviation is 225). Table C.4 shows an example of text for one

12Before Itering out uninformative tokens, the average is 7.4 tokens per observation.
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industry. Using word embeddings, we obtain a vector representation of the text de-
scribing each industryi, denotedv;. In robustness tests, we exploit SEC 10-K lings
for US rms to produce an alternative corpus describing industries (see Appendix
C.2 for details). The magnitude of embedding vectors does not encode meaningful
information so we normalize all embedding vectors to have norm 1.

Notations.  Throughout the text, we use the notationkxk to denote the Euclidean
norm of vectorx and cosk, y) for the cosine similarity between vectors and y:

Xy
kxkkyk

cosf,y) =

Additional variables.  We use two additional project-level variables from the data.
The rst is an indicator for whether the project was implemented directly by the

rm or indirectly via a third party (typically an NGO). The second is information

on project location: we observe the state in which a project occurs for projects
totaling two-thirds of the CSR spending; among those we obtain the district for
27% of expenditures. We observe CSR expenditures in all 35 states and 496 districts
(78% of all districts).13

2.3 Implementation of the CSR Mandate

This section brie y describes evidence on the implementation of the CSR mandate.
In Figure 1(a), we plot the evolution of total CSR expenditures in India over time, as
reported in the accounting data. We see a large increase from 2015 onward: aggregate
CSR spending roughly tripled since the mandate was implemented. Figure 1(b) plots
the evolution of CSR spending as a share of prots separately among liable rms
(de ned as rms whose income, pro ts, or net worth are above the thresholds de ned

in the law) and all other rms in the accounting data. All the aggregate increase
in CSR spending comes from liable rms. Appendix D investigates the evolution of
CSR expenditures in liable and non-liable rms over the period more formally by
conducting a di erence-in-di erences exercise (see in particular Figure D.1). Results
suggest the mandate led to an increase in CSR spending as a share of prots of 1

I3When we do not observe the state this is either because the variable isn't lled in the original
data or because the project is speci ed as occurring in the whole of India. In our regression analysis
in section 6 below, we exclude four states with a population that is lower than one million, as well
as the small state of Chandigarh, which does not have government spending data.
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percentage point in the rst year of its implementation, and up to nearly 1.5 points

at the end of the period. The average prot share of CSR among liable rms is 2.3%
at the end of the period, suggesting the mandate was well respected overall (see also
Chhaochharia et al., 2025}*

Figure 1(b) also shows that many rms spend on CSR beyond the scope of the
mandate: 14% of rms in our main sample spend more than 1% of prots on CSR
in 2014 (prior to the mandate), 20% spend more than 2.5% after 2015. Together,
these two sets of rms represent 26% of our sample and constitute what we call the
‘voluntary CSR' sample. Their behavior may indicate intrinsic preferences for CSR
activities. In what follows, we systematically consider whether these rms allocate
their expenditures di erently.

3 Key Facts About CSR in India

This section documents four key facts on the allocation of CSR spending by rms in
India. These facts motivate our analysis of the e ciency-equity trade-o associated

with rms deciding on the allocation of public goods. We obtain them on our main

analysis sample and systematically reproduce them on i) the sample of all rms in
the CSR data and ii) the voluntary CSR sample; we nd very similar patterns, see
Appendix B for more details®

Fact 1: CSR spending is concentrated in health and education. Table 1
shows the allocation of CSR spending across topics. This table also clari es the mean-
ing of the topics by listing the three most common project types within each topic.
For each topic, the most common project types are identi ed by partitioning projects
into types by estimating ak-means clustering algorithm on project embeddings (see

14appendix D also considers whether rms reclassi ed pre-existing expenditures as CSR after
2015 to reach the mandated threshold. We see that expenditures on donations to charities decrease
after the mandate, suggesting that some of these expenditures may have been relabeled as CSR
after the mandate, but most donation expenditures are conceptually (and legally) indistinguishable
from CSR. We see little to no e ects on other expenditures (e.g., employee welfare) that may have
been incorrectly re-classi ed as CSR after the mandate. We also test whether the increase in CSR
expenditures crowded out government expenditures at the state level, but are underpowered to
conclude with certainty on that question (see Table D.4).

I5Facts 1 and 4 on the allocation across topics and states have overlaps with o cial CSR reports
(Ministry of Corporate A airs, 2021) and the descriptive analysis in Gatignon and Bode (2023).
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also Figures C.2 C.4 for word clouds for each topic)® We see that rms nance a
wide range of projects and that projects typically do not involve the type of products
that rms sell.

The largest social topic in terms of spending is education (32% of the total). Com-
mon education projects involve school construction or renovation and the promotion
of education for di erently-abled children. The second largest topic is health (17%
of spending), with projects focused on preventive healthcare, patient care, medical
equipment, or mobile health camps. Rural infrastructure and environmental sus-
tainability follow, with 8% of spending each. Rural infrastructure involves mostly
small-scale infrastructure in rural areas (e.g., rural roads, street lights); for environ-
mental sustainability, conservation and tree plantation are the most frequent types
of projects. The other social topics all receive equal to or less than 6% of spending.
Section 5 below considers the determinants of rms' allocation of CSR across topics.

Fact 2: Firms' allocation across topics correlates with the allocation of
other public good providers. Figure 2 compares the allocation of CSR spending
across topics to the allocation of spending by other key public goods providers: the
government and NGOs. To make this comparison feasible, we aggregate several topics
together. We leave the details of the mapping between the CSR topics and the
spending categories for other providers, as well as the respective data sources, to
Appendix C.2.

The allocation of CSR spending across topics is signi cantly correlated with that
of government spending and NGO activity. In both cases, the pairwise correlation is
around 0.8 and statistically signi cant at the 1% level. Notably, the three types of
public goods providers allocate almost precisely the same share to education. Firms
di er from the government and NGOs in that they allocate less to vulnerable popula-
tions and more to industry and technology, vocational skills, and water and sanitation
projects. Overall, Figure 2 suggests that di erent public good providers agree to a
large extent on the relative valuation of public goods across topics. We return to
this when we compare the role of technological advantage in explaining the alloca-
tion of CSR across topics to that of preferences for topics common to rms and the
government.

165ee the full list of clusters and implementation details in Appendix C.3.
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Fact 3: Firms specialize in topics, and similar rms specialize similarly.
Firms' CSR spending is highly concentrated across topics. The rm-level distribution
of spending shares across topics has an average Her ndahl-Hirschman Index equal to
0.63, and 34% of rms allocate more than 90% of their spending to only one topic.
This is not only the result of indivisibilities: in the sample of rms reporting multiple
projects, 20% of rms allocate more than 90% of their spending to only one topic.
Moreover, rms that sell similar products tend to allocate their CSR expenditures
across topics similarly. We regress the cosine similarity between rms' CSR shares
across topics on the cosine similarity between rms' sales shares across products
and nd a statistically signi cant correlation (see Table A.2). These specialization
patterns suggest a link between rms' for-pro t production processes and their choice
of CSR spending. This is a key building block of our conceptual framework in section
4.

Fact 4: CSR spending is highly concentrated geographically. Figure 3 shows
the distribution of CSR expenditures across states. Almost 30% of CSR spending
funds projects in the state of Maharashtra. Six states (Maharashtra, Karnataka, Gu-
jarat, Tamil Nadu, Andhra Pradesh, and Delhi) receive 66% of the spending. This
does not simply re ect the distribution of the population: Maharashtra represents
only 9% of the population and these six states 34%. This concentration of CSR
spending in a few states thus leads to large discrepancies in CSR spending per capita.
In section 6, we explore both the determinants and the implications of the geograph-
ical allocation of CSR expenditures.

4 Conceptual Framework

This section provides a simple conceptual framework that compares rms' privately
optimal CSR allocation to the socially optimal allocation to guide our empirical anal-
ysis. We are interested in the allocation across project types, which we de ne in our
empirical analysis as either topics or locations. Firms di er in their preferences across
types and in the type-speci ¢ production function they use to produce projects from
CSR expenditures. The latter captures the idea that rms may have a technological
advantage in producing some public goods. We start with a general model where
this technological advantage is exogenously given, then propose a micro-foundation
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in which it arises because rms are endowed with technologies used in the production
of both private goods and CSR projects.

4.1 General Model with Exogenous CSR Productivities

Set-up. Our object of interest is how rmsf allocate an exogenous CSR amouit
across project typesp 2 PPUb_ e denotesy, the share that rm f allocates to type
p. The amount of project typep produced by rm f is given by:

Yip = exp( p)(SipE) (1)

where < 1. The parameter g, captures rm f's productivity in providing type p.
We provide below a micro-foundation in which productivity di erences across rms
and project types stem from rms' private production technologies, and label this pa-
rameter technological advantagén what follows. Our key predictions however remain
unchanged if these di erences stem from rms' locations instead of their technologies,
making them more productive in projects located close to their private activities.
Firms obtain utility U from their projects yg,, de ned in the following way:
X
Us = foYip (2)
p
where the g, terms capture rm preferences across project typgswhich could re ect
both private bene ts (strategic considerations) and/or warm-glow utility.
Social welfare is an increasing function of the projects funded by all rms and is

de ned as follows: X X

W = P Yip (3)
p f

where the p terms capture the social bene ts to project typep.

SoI(::)iaIIy optimal allocation. Maximizing social welfare in expression (3) subject
to psp=1, 8f yields:

p eXp( fp) 1/(1 ) ( )
Slp F I
q q eXp( fq) 1/(1 )
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The socially optimal amount rm f allocates to a project typep is increasing in
its (relative) technological advantage in this type, g, and in the social bene ts
parameter p.

Privately olgtimal allocation. Each rm maximizes its utility in expression (2)
subjectto ;s = 1. This yields:

__ pexp(p) ) :
Sp= P 11 ) (5)
g fq exp( fq)

The amount rm f allocates to project typep is increasing in its (relative) techno-
logical advantage in this type ¢, and in the preference parametery,.

Properties of the privately optimal allocation. We de ne a CSR allocation as
allocatively e cient if, conditional on a project typep, rms with a higher technologi-
cal advantage allocate a larger share of their spending to that type:éjlsf—fpp > 0. The

socially optimal allocation satis es allocative e ciency. This property (qualitatively)
characterizes one dimension of the socially optimal allocation: abstracting from di er-
ences in social bene ts across project types, rms that are relatively more productive
at producing a given public good should allocate more resources to it. When rms
internalize social welfare (f, = p,8f,8p) or have no preferences across project
types (fp = ¢,8p), rms spend more on project types they have a technological
advantage in, and allocative e ciency holds. However, when rms' preferences across
project types di er substantially, allocative e ciency may not hold. In particular, if
rms strongly prefer project types in which they are less productive, the correlation
between g, and ¢, will be very negative and the privately optimal allocation will
not satisfy allocative e ciency.

We next introduce a notion ofequity. We say that a CSR allocation is equitable if
rms devote more resources to project types with higher social bene tsgsf—f) >0.17
The privately optimal allocation may not be equitable if rms' preferences across
project types di er from social bene ts, or if social bene ts are negatively correlated
with technological advantage.

17\we refer to this property as equity because in the empirical section below we associate higher
social bene ts to projects serving more disadvantaged public goods users.
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4.2 Micro-Foundation of CSR Productivities

Why are some rms more productive at some CSR project types? We propose a
simple micro-foundation in a model where rms are endowed with multi-dimensional
technology vectors used to produce both for-prot and CSR projects, and di erent
projects require di erent combinations of technologie$® We provide a succinct de-
scription of the model, and leave details and derivations to Appendix E.

Production. Production occurs across projects, indexed gy 2 P. P can be par-
titioned into PPUYP for CSR projects andPP" for for-pro t goods sold in competitive
markets. Projects are produced by combining tasks2 T. The relative importance
of tasks varies across projects as characterized by the vectop = [ p ] o7 such

that 8p, p = 1. To perform tasks, rms hire workers and are endowed with a
task-speci ¢ productivity vector zs = [z ] 1. Firm f's output in project p is:
2 3
Y AN
Vip=4 (exp(z )gp) PO
2T

where <1 as above, and’¢y is the labor assigned to task and project type p.
The wagew is taken to be exogenous.

p captures the technological requirements of projegt. We interpret tasks in a
broad sense as any type of work, material, or immaterial input that are required to
complete a project.z; captures rm productivity at each of the tasks, and can include
physical capital, organizational capital, any type of specialized knowledge, know-how,
or information. We assume for convenience that |[p|| = ,8p and ||| = 1, 8f, and
relax these assumptions in Appendix E.

Project-speci ¢ productivity. Conditional on producing projectp, the rm al-
locates labor’¢, across tasks in a way that maximizes project-speci ¢ returns:

fp = MaX  fpYfp W\fp
{ fp }

180ur modeling choices borrow heavily from the task-based production framework (e.g., Acemoglu
and Restrepo, 2018), but the key insights are applicable to a general multi-dimensional sorting
framework (e.g., Lindenlaub, 2017).
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P
subject to: 2T fp = fp- Whenpis a for-prot good, ¢, is the market price of
goodp. When p is a CSR project ¢, captures how much rmf values project type
p, as above. The optimal labor allocation satis es:«fpr = p . Project-level prot
maximization yields an expression for project output as a function of rm-project
productivity ¢, :
Yip = exp( fp)\fp, (6)

with:

= cos( pz)* p W)
cos( p,z) is the cosine similarity between the vector of returns to tasks for that

project type p andthe rm's vector of task-speci ¢ technologies;. p is a project-
level constant.

Privately and socially optimal allocations. The rm allocates labor across
projects to maximize total returns:
X . X .
max (fpYp W)t ( tpYp W fp)
{ fp} p2 ppri p2 ppub

where we now de ne the exogenous CSR expenditure requirementpaﬁ2 ppub W fp =
E. We obtain that rms' privately optimal CSR shares follow the expression in
equation (5), with ¢y now de ned in (7).

The social planner maximizes the social welfare function given in (3) above. This
yields the same socially optimal allocation across CSR project typpss above (equa-
tion (4)).

Sources of technological advantage. Equation (7) shows that rms are more
productive in projects that put a large weight on their most productive tasks. Pro-
ductivity atthe rm  project level increases in the proximity between rms' own tech-
nologies and projects' technological requirements. This is in line with resource-based
theories of the rm proposing that rms diversify into products that use common
capabilities, supported by empirical evidence in Boehm et al. (2022) and Koh and
Raval (2025).

This framework implies that rm's projects, both private and public, are deter-
mined by a common rm-level productivity vector. A direct implication is that rms
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making similar for-pro t product choices have a similar vectorzs, and hence make
similar CSR allocation choices. This is in line with the evidence in Table A.2 discussed
in the previous section.

Implications for CSR productivities across industries. Our empirical tests
exploit variation in rms' task-speci ¢ productivities at the level of their industry. We
de ne an industry as a set of private good®; PPM centered around a technological
vector i 8p 2 Pj, p = j+ p, with p mean-zero and i.i.d. In addition,
we assume that rms belonging to industryi have a productivity vector centered
around 1 z = ;+ ¢. This ensures that rms in industry i havep 2 P; as
their main product, in line with how rms are classi ed across industries in standard
datasets. That is, rms' industry choice re ects the proximity between their vector
of task-speci ¢ productivity and industries' technological requirements. For a rmf
in industry i, we can then write:

= Cos( p i)+ p (8)

Firms are more productive in CSR projects that have technological requirements
similar to that of their for-pro t industry. 1°

4.3 Hypothesis Taken to the Data

In section 5, we test whether the observed allocation of CSR spending is allocatively
e cient. To do so, we focus on one dimension of project type along which there
is likely substantial variation in technological advantage across rms: social topics,
indexed by d. That is, we consider whether éjsf_% > 0. By conditioning on a
project type d, we abstract from di erences in social bene ts and from average rm
preferences across topics. Our object of interest is thus the within-topic correlation
between rms'technological advantage and their spending shares: allocative e ciency
holds if this correlation is positive. In line with our micro-foundation, we measure

technological advantage as the proximity between a rm's for-pro t technology and

19A key assumption of our empirical exercise that follows from our model assumptions here is
that rm's for-prot industry choice re ects their productivity vectors. Su cient conditions are
standard pro t-maximizing and price-taking behavior (see proof in Appendix E). In the presence of
distortions, it must not be that the distribution of these distortions is such that it is more pro table
for rms to specialize in products where they have low productivity.
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the requirements of CSR projects, as detailed below.

In section 6, we turn to the equity dimension of the observed allocation of CSR.
To do so, we consider how CSR spending is allocated across the other dimension of
project type, locations, indexed bys. We use a location's economic development to
proxy for the social bene ts to spending. This allows us to test whethegsf—z >0
by looking at the correlation between economic development and CSR expenditures
across locations.

5 Allocative E ciency: Do Firms Use Their Tech-
nological Advantage?

Motivated by our de nition of allocative e ciency above, we consider whether rms
spend more on topics for which their for-prot production processes give them a
technological advantage. We begin by explaining how we proxy for technological
advantage, then outline our empirical strategy and present our results.

5.1 Construction of a Proxy for Technological Advantage

Testing for allocative e ciency requires a measure of rm project-speci ¢ CSR pro-
ductivities. We exploit the insight that rms will be more productive in CSR projects
that are technologically close to their for-pro t production process. This insight has
been repeatedly discussed in the literature under the term “bundling' (see e.g. Besley
and Ghatak, 2007) and is formalized by our micro-foundation for rm project-speci c
CSR productivity in section 4.2. We operationalize it by building a measure of tech-
nological proximity for each pair of industryi and social topicd, meant to proxy for
the model object cos( 4, i)-

To proxy for cos( ¢4, i), we make the assumption that if projects in a given
CSR topic require a technology that is close to the rm's for-pro t technology, this
technologicalproximity will be re ected in a semantic proximity between descriptions
of the CSR topic and descriptions of the rm's production function. For instance,
consider whether pharmaceutical rms are more e cient at undertaking CSR projects
in health than nancial rms. Our premise is that this would be re ected in a higher
semantic proximity between the description of a pharmaceutical rm's production
function and the description of health CSR projects than the semantic proximity
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between the description of a nancial rm's production function and the description
of these projects.

To construct this measure, we exploit embeddings of textual data describing CSR
topics and industries, as described in section 2.2. For each indusirywe use the
description in the NIC handbook to obtain the embedding;. For each topicd, we
de ne vy as the average of the project embeddings, for projects p belonging to
topic d. We proxy for cos( ¢, i), the technological proximity between industryi
and topic d, as:

Proximity jq = cos(vg, Vj) 9

The key assumption underlying our measurement exercise is that the semantic
proximity between texts describing industryi and topic d appropriately proxies for
the proximity of the technological requirements of industryi and topic d. Formally,
we assume cosg,Vi) cos( g, i).20 After describing our measure, we propose
three tests to validate this assumption below.

Higher values indicate higher similarity, but the variable has no cardinal inter-
pretation. We standardize it to have a mean of zero and a standard deviation of
one to ease the interpretation of our results. In robustness checks, we use alternative
measures fovg and v;.

We therefore obtain a distinct technological proximity value for each of the 1,136
(71 16) industry topic combinations in our data. We also consider the robustness
of our results to using a more granular level of variation, leveraging a partition of
projects into 83 project types obtained from a k-means clustering algorithm applied
to project embeddings (see Appendix C.3 for details), we obtain 7568 (783) distinct
technological proximity values.

Description of Proximity iq. Figure 4 depicts the distribution of the proximity
variable across topics and industries in a heatmap for all 16 topics and the 16 largest
industries in our data. Deeper blue colors indicate higher proximity, and light grey
indicates lower proximity. We see that the distribution of the variable is reasonably
intuitive: for example, the health topic has a particularly high proximity with the

20 et T, W be the dimensions of the task and the embedding space, respectively. A su cient
condition is that v= A whereA 2 RW T is a linear isometry. This requiresT W, and ensures
cosfvg,vj) = cos( 4, j)- Alternatively, when T W, A must be a random projection and we
apply the Johnson Lindenstrauss lemma to obtain cos{q,Vvi) cos( 4, i)
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pharmaceutical industry, and the civil engineering industry has a high proximity with
the sanitation, safe drinking water, rural infrastructure, and environmental topics all
topics that require some degree of engineering. We also see that some topics/industries
have consistently low or high proximity with many industries/topics (see, for example,
the “safe drinking water' topic). This may re ect true technological patterns, or be
due to less desirable characteristics of our textual corpus, such as the recurrence
of some non-technical terms in project descriptions. Our regression results below
control for topic and rm xed e ects throughout to allow for this possibility, and
we consider the robustness of our results to the exclusion of each topic or industry
in turn. 21 Figure A.3 plots the distribution of the variable at the rm topic level,
with some examples. One standard deviation in proximity corresponds roughly to the
di erence in proximity for the pharmaceutical industry between the topics "hunger
and malnutrition' (medium proximity) and “health' (high proximity).

In Tables C.5 C.8, we investigate which tokens lead a topicindustry pair to have
a high or low similarity. The patterns are very intuitive. For instance, for the CSR
topic “rural infrastructure’, the closest industry is “civil engineering’. Looking at the
sets of tokens closest to the centroids of the embeddings vectgy and v; for this
pair, we see that both sets have signi cant overlap, with tokens related to construction
driving their high cosine similarity.

Validation. We propose three tests of our assumption that cog{,v;) cos( 4, i)-
We provide the intuition for these tests below and leave formal derivations to Ap-
pendix E.

Test 1. Industry predicts semantic proximity across rms. From our de nition of
industries, it follows that the technology vectors of rms in the same industry are more
similar than those of rms in di erent industries. If word embeddings appropriately
represent technology vectors, then this property should hold for embeddings. We
implement this test using the rm-level business descriptions contained in 10-K lings
for US rms (there is no equivalent rm-level data for India). Table A.3 shows that
rms in the same 2-digit industry have a higher cosine similarity than rms in di erent
industries by 0.118 (compared to an average across-industry value of 0.679). This
number rises to 0.146 and 0.155 when we compare rms in the same 3-digit and

21Figure A.2 plots the heatmap of the distribution of the residuals of the proximity variable after
removing rm and topic xed e ects.
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4-digit industries, respectively.

Test 2. Semantic proximity across industries predicts rms' sales shares across in-
dustries. Our model predicts that a rm in industry i will have higher sales share in
products belonging to industryi®6 i if industry i has high technological proximity
with i9 (high cos( ;, i0)). If the industry embedding vectorsv; appropriately rep-
resent technological requirements, this property should hold for semantic proximity
betweeni and i (high cosfj, vi0)). Table A.4 shows that this is indeed the case.

Test 3. Semantic proximity across industries predicts input-output proximitykinally,

if industry embedding vectors capture technological requirements we should see that
industries with similar embeddings also use similar inputs, sell similar products, or
develop supplier-customer relationships. Using the input-output matrix for India,
Table A.5 shows that industry pairs {,i9 with similar products or inputs, or strong
supplier-customer links, indeed have high textual proximity cosf, v;o).

The approach consisting in using textual data and semantic proximity to charac-
terize the proximity of rms in economically-relevant dimensions has been pioneered
by Hoberg and Phillips (2016). They interpret semantic similarity as product port-
folio similarity, and hence proximity in the competitive space. While test 1 is in line
with their interpretation of semantic proximity, tests 2 and 3 suggest that semantic
similarity also captures technological proximity wel?

5.2 Empirical Strategy

We consider whether rmsf's technological advantage is correlated with how they
allocate CSR expenditures across topias using the following speci cation:

Yo = Proximityjyg+ ¢+ ot "d (10)

whereyiq is an increasing function of CSR expenditures at the rnfi and topicd level,
Proximity ; (f)d Is our proxy for technological advantage de ned at rm's industryi (f)
and topic level, de ned above, and standard errors are clustered at the topicmdustry
level. Motivated by our conceptual framework above we include rm xed e ects ¢

22|n particular, test 1 would work if the text describing rms' activity was simply listing the
products produced by rms. Tests 2 and 3 suggest that the embeddings capture information about
production processes that allow them to have predictive power for patterns of rm scope across
industries and input-output relatedness.
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to ensure captures a correlation with the rm's relative technical advantage on a
topic, and topic xed e ects 4 to capture preferences across topics that are common
to all rms (we investigate what could be driving such common preferences below).

This speci cation tests for allocative e ciency, as de ned above: nding >0
would indicate that rms spend more on topics in which they have a technological
advantage in. Note that our de nition of allocative e ciency does not require that
rms spend more on topics on which they have a technological advantabecausehey
choose to leverage this advantage: allocative e ciency still holds if the allocation is
due to rms having, for example, high preferences for topics they have an advantage
in (if the ¢4 and g terms in the conceptual framework above are positively corre-
lated). Our object of interest is thus the correlation between CSR expenditures and
technological advantage.

Our rst outcome variable is the share of CSR expenditures a rm spends on
the topic. We then consider the extensive margin decision by using an indicator for
whether the rm spends any amount on the topic, and nally the intensive margin
decision using the share of CSR expenditures spent on the topic, conditional on this
share being positive. Our baseline speci cation gives equal weight to all rms but we
also present results obtained by weighing each rm by its total CSR expenditures to
consider how technological proximity a ects the aggregate CSR allocation.

5.3 Results

Table 2 presents the result of estimating speci cation (10§ The correlation between
the proxy for technological advantage and how much rms spend on a topic is positive
regardless of the outcome variable used. In Panel A, column 1, we see that a one
standard deviation in technological proximity between a rm's industry and a topic
increases the share that the rm spends on that topic by one percentage point, a 16%
increase relative to the mean. A one standard deviation also increases the probability
that the rm spends on the topic by two percentage points (9% relative to the mean)
and the share spent, conditional on spending a positive amount, by two percentage
points (8%). The e ects of proximity on CSR expenditure outcomes are larger in
Panel B, where we weigh each rm by its total CSR expenditures (the e ect on the
unconditional spending share is 29% of the mean), suggesting larger e ects for larger

23Figure A.4 depicts the relationship graphically.
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rms. 24

Our baseline test exploits technological proximity across 16 social topics, de ned
using the topic labels provided in the MCA data. In Table A.6 Panel A, we construct
technological proximity at a more granular level using a partition of projects into
83 project types obtained from a k-means clustering algorithm applied to project
embeddings (see Appendix C.3 for detailsf The results are very similar: a one
standard deviation increase in technological proximity between a rm's industry and
a project type increases the share allocated to that type by 14% relative to the mean.
In Panel B, we instead aggregate similar topics into the 10 coarser topics of Figure
2 to construct technological proximity. The results are again highly similar: a one
standard deviation increase in technological proximity between a rm's industry and
a project type increases the share allocated to that type by 17% relative to the mean.

Figure A.5 presents a series of robustness checks. We rst consider results when
changing choices made to obtain word embeddings: using OpenAl's NLP model to
construct the proximity variable instead of Word2Vec or using text from 10-K lings
in the US instead of from the NIC handbook, following Hoberg and Phillips (2016).
We then change the method we use to aggregate information from projects at the
topic level. Our baseline averages the cosine similarity at the project level across
topics. We consider using the median similarity instead, or placing more weights on
projects whose descriptions have more informative content (weighing each project by
the number of tokens or aggregating at the topic level before computing the cosine
similarity). We also cluster standard errors at the topic or industry level. Estimates
are remarkably similar across these speci cations. Figure A.6 shows that results are
also stable when we exclude each topic, or each of the 20 largest industries, in ttfn.
Finally, Table A.7 presents results obtained by aggregating our data at the industry
and topic level, in levels and in logs. Results are similar to those obtained in Panel
B of Table 2 regardless of the speci cation used.

Our results thus suggest that rms allocate more CSR expenditures to topics in

24The e ect on the spending probability is smaller relative to the mean (11%) when we weigh by
total CSR spending because larger rms (that by de nition spend more on CSR) spend on a larger
number of topics.

25The main limitation of this approach is that assigning projects to types requires su ciently
informative project descriptions, which reduces the sample by 24%.

26The only exception is when we exclude the health topic. The coe cient drops slightly, sug-
gesting technological advantage is particularly important for this topic, but remains statistically
signi cant and indistinguishable from the coe cient obtained using our baseline speci cation.
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which they have a technological advantage. How much of the overall allocation across
topics does this explain? Given the similarities between the allocation of funds across
topics by rms and the government described above, we compare how much technolog-
ical proximity and government preferences explain the aggregate allocation. In Table
A.8 we estimate a version of equation (10) in which we replace topic xed e ects, that
capture common preferences for topics across all rms, with the government's expen-
diture share on each topic. This is equivalent to assuming that rms' preferences for
topics are identical to the government's and using government expenditure shares to
proxy for the latter.?” Interestingly, this speci cation explains nearly as much of the
variation in the data as our baseline speci cation, suggesting rms' preferences across
topics are indeed similar to those of the government. Comparing across coe cients,
we nd that technological proximity explains roughly one- fth to one-fourth as much

of the variation in our data as the government's spending share. Technological ad-
vantage thus plays a meaningful role in explaining the overall allocation, though it is
smaller than the role played by common preferences across topics.

5.4 Mechanisms and Heterogeneity

Do rms spend more on topics that are technologically close because of
preferences or because of technology? Seen through the lens of our conceptual
framework our results suggest the allocation of CSR expenditures across topics is
allocatively e cient. But do rms spend more on topics they have a technological
advantage in because of this technological advantage or because they have an intrinsic
preference for spending on those topics?

We fundamentally cannot disentangle unobserved rm preferences from their tech-
nological advantage across topics. That said, we use information on the mode of im-
plementation of projects to provide suggestive evidence. Firms that outsource CSR
projects to third parties likely make less direct use of their own technology than those
implementing projects themselves. If preferences are the only determinant of rms'
allocation across topics, the decision to outsource should be orthogonal to technolog-
ical advantage across topics. If, however, rms choose at least some projects because
they want to leverage their for-pro t production technologies, we should see that they

27To do this, we re-classify topics so that government and CSR expenditures are comparable, in
line with the approach in section 3 above. This is the same classi cation into 10 topics as that in
the robustness checks.
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are less likely to outsource projects in topics they have an advantage in. In Table
A.9, we see that rms are indeed less likely to outsource projects on topics for which
they have a technological advantage. These results, while suggestive, are subject to
two caveats. First, the test hinges on a narrow view of rms' technology: rms may
use their technological advantage even when working with third-party implementers

if this advantage consists in choosing better projects or implementers. Second, the
de nition of third-party implementation is imprecise in the reporting requirements,
giving rise to measurement concerns for this variable (see Appendix C.1.5).

External validity: is “voluntary' CSR allocated similarly? In Table B.2 we
consider whether the correlation with technological proximity is di erent among rms
that spend (substantially) more than the amount prescribed by the law - our “volun-
tary CSR' sample de ned above. Unweighted results are extremely similar to those
obtained on the main sample but weighted results are slightly smaller. This suggests
that technological advantage could matter a little less for large rms with a strong
preference for CSR compared to other large rms, perhaps because they also have
strong intrinsic preferences for some topics.

Firms below the mandate's size threshold may also voluntarily engage in CSR.
Whilst we cannot observe them, Figure A.8 plots results obtained separately for each
decile of the rm size distribution to consider whether smaller rms in our sample,
more comparable to those below the size threshold, behave di erently. We see that
e ects are somewhat smaller for the rst three deciles, in line with the comparison
of unweighted and weighted results in Table 2. Overall though, di erences across
samples are of small magnitude and not statistically signi cant, suggesting rms
that spend voluntarily on CSR may not behave that di erently from those that are
constrained to do so by the mandate.

Stakeholder pressure and allocative e ciency. In Figure A.7 we ask whether
rms that are particularly beholden to di erent types of stakeholders behave di er-
ently, perhaps in response to stakeholder pressure. We nd no evidence that rms
with di erent ownership structures (publicly listed rms or rms with dominant stake-
holders), rms in which employees may have more bargaining power (proxied by the
average wage, labor share, or training expenses), or rms that rely more on their rep-
utation with nal consumers (proxied by advertising expenses or downstreamness)
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behave di erently. The correlation with technological proximity is smaller, but not
signi cantly so, among rms that may value a good relationship with the government
(because they operate in heavily regulated industries or compete with government-
owned rms), perhaps because of strategic considerations.

6 Is CSR Allocated Equitably?

We now turn to the allocation of CSR across locations to consider its equity
characteristics. A natural proxy for the potential social bene ts to CSR expenditures
in an area ( p) is its level of economic development; in what follows, we think of an
allocation as more equitable if the correlation between area-level expenditure shares
and GDP per capita is more negative. As shown above, however, CSR expenditures
are concentrated in a few states, with almost 30% going to just Maharashtra, the
richest state (in total GDP) in our data. To consider more generally how equitable
the CSR allocation is, we run the following speci cation at the rmf and state s
level:

Yfs = 10gGDPs+ ¢ + "5 (11)

where GDP is the state's log gross product per capita,+ are rm xed e ects and
we control throughout for state population.

Results are presented in Table 3 (columns 1, 3, and 5). We see that CSR expen-
ditures shares are positively correlated with state GDP per capita: > 0. This is
also true when considering the extensive and the intensive margin separately. This
suggests that there is a wedge between rms' private bene ts to CSR projects and
their social bene ts: if rms' private bene ts followed social benets ( s = ), and
unless technological advantage across stateg is strongly negatively correlated with
social bene ts (a possibility we discuss below), we should observe< 0.

Figure 5(a) plots the resulting state-level relationship between CSR spending as
a function of state GDP (both per capita). Each blue dot is a state, and we show
the linear t of the corresponding regression using states' population as weight. A
10% increase in state GDP per capita increases CSR spending in that state by 19%.
That is, richer states where the bene ts of CSR are likely lower receive more CSR
spending per capita?®

28\We obtain very similar results when we substitute state-level GDP per capita with a multidi-
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Firms could be allocating their CSR expenditures to the poorest areas in rich
states however, making the allocation less regressive. While we cannot rule out this
possibility, we consider two tests that speak to this point. First, we focus on CSR
expenditures on the “rural infrastructure' topic, which by de nition are allocated to
poorer regions within each state, and we see a similar pattern (see Figure A.11).
Second, in Figure A.12, we replicate the analysis in Figure 5 at the district level.
We see again a very similar pattern, with more CSR expenditures in richer districts,
regardless of the proxy for district development used. Finally, in Figure A.13, we
consider the correlation between CSR expenditures at the statéopic level and a
proxy for state-level needs on that CSR topic. For four topics, we can de ne a
plausible proxy for need (e.g., for education, we consider the state-level literacy rate).
This analysis shows that CSR expenditures tend to ow to areas with relatively low
need, even when considering topic-speci c expenditures.

Why are CSR expenditures concentrated in rich states? One reason could be
that rms concentrate their spending where they are headquartered, and corporate
headquarters are concentrated in rich states. To test this, columns 2, 4, and 6 in
Table 3 control for an indicator for whether the rm is headquartered in the state.
The coe cients for the indicator are very large, re ecting the fact that around 60%
of CSR spending occurs in rms' headquarter states. The coe cient for state GDP
per capita indeed falls and becomes null for the intensive margin. Using past capital
spending to proxy for rms' establishment locations, Table A.10 includes in addition
an indicator for whether the rm has an establishment in the state. We see that this
is also a strong predictor of CSR spending in the staté.

The concentration of CSR spending where rms are located could be driven by
private benets (e.g., local CSR projects may enhance the rm's visibility among
customers) but also by e ciency motives (e.g., rms may possess information or tech-
nologies that are particularly suited to nding out, or meeting, the needs of areas in
which they operate). Note however that when we exclude expenditures in headquar-
ter states in Figure 5(b), the aggregate slope falls but remains statistically signi cant
and large (this is also true when we exclude expenditures in states in which rms have
establishments, see Figure A.10). This suggests that e ciency considerations linked

mensional poverty index (Figure A.9), consider the sample of all rms in the CSR data or the sample
of rms that voluntarily spend more on CSR than the law requires (Figure B.2 and Table B.3).

29849% of CSR spending occurs either in rms' headquarter states or in states in which they have
establishments.
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to rms' locations alone are unlikely to explain why rms spend more in richer states.
Regardless of the mechanism underlying the geographical allocation of CSR, the evi-
dence suggests it is inequitable, at least when comparing medium-to-large (states or
districts) geographical units.

Is the CSR allocation more or less inequitable than alternative uses of CSR funds?
One comparison point is the allocation of government expenditures per capita, assum-
ing the government could have increased taxes instead of imposing a CSR mandate.
In Figure 5(c), we see that state-level government expenditures per capita (restricted
to the topics covered by the CSR data, green dots) increase slightly with state devel-
opment, but the slope is only one- fth of the slope for CSR expenditures (one-half if
we exclude spending in headquarter statesy. The allocation of CSR across space is
thus more inequitable than the allocation of government expenditures.

7 Conclusion

In this paper, we use a novel dataset on the quasi-universe of the CSR expenditures of
Indian rms to shed light on the potential welfare e ects of CSR. We reach two main
conclusions. First, we provide evidence consistent with the idea that rms spend
more on CSR projects they have a technological advantage in, i.e., projects they may
be particularly good at providing because of the technology they use in their for-
pro t production processes. We do so by constructing a proxy for the technological
proximity between rms'industries and CSR topics (e.g., health, education), using the
textual proximity between the descriptions of industries and topics. Seen through the
lens of the theoretical literature on CSR, this suggests CSR can e ciently contribute
to public good provision. Second, we nd that rms spend substantially more on CSR
in richer locations, in part because they spend more in states where their headquarters
are located. In summary, our results suggest that mandating CSR may be an e cient
way to increase expenditures on public good provision, but it will come at an equity
cost.

30The small positive slope re ects the fact that richer states both get less inter-governmental
transfers from the central government and collect more tax revenues, the latter e ect dominates.

31Another potential benchmark is that CSR expenditures could have been redistributed to share-
holders instead. We cannot locate shareholders, but they are likely much richer than the average
Indian citizen and located in richer states. A counterfactual allocation of CSR expenditures to
pro ts could thus have led to an even more inequitable allocation of these funds across locations.
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Figure 1: CSR Spending Over Time

(a) Aggregate CSR Spending

(b) CSR Spending by Firms' Liability Status

Notes: This gure depicts CSR spending over time. In Figure 1(a), CSR spending is aggregated
over all rms and denominated in 2015 billion INR. Figure 1(b) depicts the CSR spending of a given
rm in a given year over average pro ts in the past three years. The blue line (solid) depicts the
mean over rms that are liable under the policy and the black line (dashed) depicts the mean over
rms that are not liable.
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Figure 2: Allocation Across Topics by Public Goods Providers

Notes: This gure depicts the share of each topic in terms of total CSR spending, total government
spending, and number of NGOs. See Appendix C.2 for the mapping of CSR topics to government
spending and the number of NGOs. NGO data does not include emergency relief.
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Figure 3: Allocation of CSR Spending Across States

Notes: This gure depicts CSR spending shares by state.
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Figure 4: Proximity Across Topics and Largest Industries

Notes: This gure depicts all 16 topics and the largest 16 industries by total CSR spending. The
unit of observation is at the industry topic level. Proximity sy is the textual measure of closeness
between an industry and a topic de ned in section 5.1.
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Figure 5: CSR Spending, Government Spending, and State-Level GDP

(a) CSR Spending (b) CSR Spending Outside HQ States

(c) Government Spending

Notes: This gure depicts the relationship between state-level GDP and spending per capita. The
scattered dots indicate state-level observations. The lines indicate tted linear approximations.
The unit of observation is at the state level. The dependent variables are the log of spending (in
millions, denominated in 2015 INR) per one million people, aggregated from 2015 to 2019. Figure
5(a) depicts CSR spending by rms, including spending in their headquarter state. Figure 5(b)
depicts CSR spending by rms, excluding spending in their headquarter state. Figure 5(c) depicts
government spending on topics covered by the CSR data. The independent variable is the log of
state-level GDP (in millions, denominated in 2015 INR) per one million people in 2013. Observations
are weighted by the 2011 population.
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Table 1: Spending Share and Most Frequent Project Types by Topic

Topic Share  Three Most Frequent Project Types

Education 32% Special education, Scholarships & support for meritorious stu-
dents, School construction & infrastructure

Health 17% Preventive health, Medical treatment and patient care, Medical
infrastructure and equipment

Rural infras- 8% Construction (roads, walls, street light), Construction (com-

tructure munity centers), Rural transformation

Environmental 8% Ecology/conservation projects, Tree plantation, Green energy

sustainability

Vocational skills 6% Vocational training, Skill acquisition, Sta training

Technology 5% Education technology, Mobile science labs & support to labs,
Computers & other equipment donations

Livelihood 5% Sustainable livelihood and education, Disability inclusion, Eco-

enhancement nomic development

Sanitation 5% Sanitation infrastructure, Toilet construction, Cleanliness cam-
paigns

Hunger and 4% Eradicating hunger, Midday meal scheme, Food distribution

malnutrition

Safe drinking 2% Water supply infrastructure (tanks, pumps, wells...), Water

water safety programs, Water puri cation

Vulnerable 2% Hostels for old age, widows & orphans, Social welfare programs,

populations Veterans support

Emergency 2% Flood relief, Disaster relief, Contribution to Prime Minister

relief Relief Fund

Sports 2% Competition organization, Support to olympic/nationally-
recognized sports, Support to sport clubs

Women 1% Education and young women empowerment, Gender equality,

empowerment Disadvantaged women and girls

Agroforestry 1% Sustainable agriculture, Farmer training, Agronomy

Animal welfare 0% Animal care, Animal shelters, Cow sheds

Notes: This table displays the share of total CSR spending and the most frequent project types by

topic. The project types are the three largest clusters obtained byk-means clustering within each
topic, as described in Appendix C.3.
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Table 2: CSR Spending and Proximity

CSR Share Any CSR CSR Share
Unconditionalsgy Spendingq Conditional¢g
) 2 3
Panel A: Not Weighted
Proximity ; (t)q 0.010*** 0.021*** 0.021***
(0.003) (0.003) (0.006)
Avg dep var 0.062 0.223 0.280
Firm FE X X X
Topic FE X X X
R-squared 0.24 0.33 0.36
Observations 105,168 105,168 21,684

Panel B: Weighted by Total CSR Spending

Proximity ; (t)q 0.018*** 0.046*** 0.025***
(0.005) (0.008) (0.009)
Avg dep var 0.062 0.415 0.151
Firm FE X X X
Topic FE X X X
R-squared 0.27 0.37 0.33
Observations 105,168 105,168 21,684

Notes: This table describes the relationship between CSR spending and proximity, derived from

equation (10). The unit of observation is at the rm

topic level. The dependent variables are the

share of CSR spending of a rm §) over topics (d), an indicator for any CSR spending by rm (f)
in a given topic (d), and the share of CSR spending conditional on any spending. Proximity)q
is the textual measure of closeness between an industry and a topic de ned in section 5.1. In

Panel A, observations are unweighted.

In Panel B, observations are weighted by the total CSR

spending of each rm, winsorized at the 1st and 99th percentile. Standard errors are clustered at

the industry topic level. , and
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Table 3: CSR Spending, State-Level Characteristics, and Firm Headquarters

CSR Share Any CSR CSR Share
Unconditionalig Spendings Conditional¢g
@ 2 3 4 4) (6)

Log(GDP per 1m People} ~ 0.096** 0.014** 0.156%* 0.058** 0.145** -0.001
(0.031) (0.004) (0.040) (0.008) (0.022) (0.011)

1(Firm Headquarter State)g 0.601*** 0.722%** 0.333***
(0.026) (0.022) (0.023)
Avg dep var 0.029 0.029 0.067 0.067 0.437 0.437
Firm FE X X X X X X
R-squared 0.08 0.52 0.18 0.44 0.42 0.57
Observations 196,415 196,415 196,415 196,415 9,736 9,736

Notes: This table describes the relationship between state-level characteristics as well as rm
headquarters and CSR spending, derived from equation (11). The unit of observation is at the
rm state level. The dependent variables are the share of CSR spending of a rmf | over states
(s), an indicator for any CSR spending by rm (f) in a given state (s), and the share of CSR
spending conditional on any spending. The independent variables are the log of state-level GDP per
1 million people and an indicator that equals one if the rm is headquartered in the state as per
government records. We control for the log of population in millions. Observations are weighted
by the 2011 population. Standard errors are clustered at the state-level. , and indicate
signi cance at the 1%, 5% and 10% levels.
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Appendices
(for Online Publication Only)

A Additional Tables and Figures

Figure A.1: CSR Spending Share by Industry

Notes: This gure depicts the share of each industry in total CSR expenditures for the 20 largest
industries in the data.
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Figure A.2: Proximity Across Topics and Largest Industries With Fixed E ects

Notes: This gure depicts the proximity variable for all 16 topics and the largest 16 industries by
total CSR spending. The unit of observation is at the industry topic level. Proximity ;)4 is the
textual measure of closeness between an industry and a topic de ned in section 5.1. The proximity
measure is residualised on rm and topic xed e ects.
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Figure A.3: Distribution of Proximity

Notes: This gure depicts the distribution of the proximity variable. Proximity ;)q is the textual
measure of closeness between an industry and a topic de ned in section 5.1. The unit of observation
is at the industry topic level. The gure shows three examples, corresponding to approximately one
standard deviation below the mean (pharmaceuticals vocational skills), the mean (pharmaceuticals
hunger and malnutrition), and one standard deviation above the mean (pharmaceuticals health).
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Figure A.4: CSR Spending and Proximity

Notes: This gure describes the relationship between CSR spending share and proximity. The unit
of observation is at the rm topic level, and the 105,168 observations are binned into 100 equal-sized
bins. The variable on the y-axis is the unconditional CSR spending share for a rm {) over topics
(d). Proximity ;(f)q is the textual measure of closeness between an industry and a topic de ned in
section 5.1. The variables are residualised on rm and topic xed e ects.
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Figure A.5: E ect of Proximity on CSR Spending, Robustness |

Notes: This gure describes the robustness of the relationship between CSR spending and proximity,
derived from equation (10). The unit of observation is at the rm topic level. The dependent
variable is the share of CSR spending that rm (f) spends on topic @d). Proximity j(t)q is the
textual measure of closeness between an industry and a topic de ned in section 5.1. Row 1 describes
the main speci cation from Table 2, Panel A, column 1. Rows 2 and 3 show results for di erent
word embeddings, using either OpenAl's NLP model or text from 10-K lings in the US. Rows 4 to

6 demonstrate di erent methods of aggregating information from projects at the topic level. The
baseline averages the cosine similarity at the project level across topics. Here we consider using the
topic level median instead, weighting each project by the number of tokens, or aggregating at the
topic level before constructing the cosine similarity. Rows 7 and 8 cluster standard errors at the
industry or topic level. The gure shows 95% con dence intervals.
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