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ABSTRACT 

This dissertation investigates the influence of corporate social responsibility (CSR) on 

firm production by using a neoclassical production function and modern estimation 

techniques. Although the impact of CSR on firm performance has been studied in the 

past, the results have been mixed, with some studies showing CSR having a positive 

influence, others a negative influence, and still others showing it has no influence. This 

brings to question the best estimation approach to investigate the relationship between 

CSR and production. This dissertation utilizes a proven theoretical model of firm 

production to drive the empirical estimation approach. Combining theoretical 

underpinnings with modern estimation techniques, I argue the results unveiled in my 

analyses are sound and provide assurance to the true directional relationship. The risk of 

selection bias is mitigated by using a dynamic panel of diverse publicly traded U.S. firms 

from 2011 to 2016 to ensure all firms are represented, regardless of industry type or 

market exit or entry. By using the community social capital of the firm to instrument 

CSR, the impact of endogeneity overestimation of the influence of CSR on firm 

production is mitigated. When estimated in a neoclassical production function, with a 

panel of dynamic data, properly instrumented to reduce estimation bias, this analysis 

shows the impact of corporate social responsibility is, in fact, overestimated in traditional 

analyses. These results highlight the inherent risk in studying CSR without addressing 

known estimation error concerns, and provide a path forward for continued research into 

how neoclassical theory and modern methods can be utilized to determine how a firm’s 

socially conscious activities ultimately impact the firm. Given these results, firms are also 

better positioned to make CSR policy decisions based on both the neutral impact of CSR 

on output, and the understanding that community social capital can play a role in firm 

level performance measurements. 
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CHAPTER 1: INTRODUCTION 

1.1 Dissertation Overview 

In this dissertation, I empirically evaluate the impact of corporate social responsibility 

(CSR) on firm performance. CSR, rooted in stakeholder theory (Freeman, 1984), is an 

important practical and academic topic. Firms, in an effort to outperform rivals, will 

deploy various resources to enhance revenues, even resources, such as CSR, that might 

not appear on the surface to serve the firm’s performance goal.  

In order to investigate the relationship between CSR and firm performance, a 

neoclassical production function is estimated including CSR as a possible factor of 

production.  Traditionally, labor and capital are the benchmark factors of production 

(Cobb & Douglas, 1928), but over time, a wide variety of tangible and intangible inputs 

to the production function, from the impact of innovation (Solow, 1956) to human capital 

(Lucas, 1988 and Romer, 1986) have been studied. These additional factors of 

production, commonly referred to as total factor productivity (TFP) influencers, are 

important as they help researchers and practitioners better understand what inputs 

ultimately impact firm output. The role of CSR as a TFP influencer is unclear.  More 

specifically, the role of CSR on firm performance remains debatable in existing literature. 

A meta-analysis of CSR studies indicates roughly half of academic findings show a 

positive relationship between CSR and firm performance (Margolis & Walsh, 2009), with 

the impact heavily dependent on a number of measurement and situational factors (Galant 

& Cadez, 2017). 
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Given the controversy surrounding the impact of CSR on firm performance, using an 

estimation equation explicitly derived from a neoclassical production function grounds 

the empirical results of this paper in proven theory. Employing modern econometric 

techniques specifically evaluated for use when empirically estimating a production 

function estimation overall ensures a well vetted empirical approach. For example, by 

using a dynamic panel of publicly traded U.S. firms across multiple industry sectors, this 

dissertation tackles the selection bias critique. More uniquely, by using the community 

social capital of the county where a firm is headquartered to instrument the firm CSR 

variable, this analysis mitigates firm level endogeneity and estimates the real impact of 

CSR on firm production. As such, any previous study using CSR as a variable of interest, 

without fully addressing this endogeneity concern, overestimates the impact of CSR on 

firm performance. By producing a predicted CSR variable, instrumented through 

community social capital, the approach used in this dissertation mitigates traditional 

overestimation concerns.  

The above provides a very high-level description of the motivation for this 

dissertation, which seeks to answer the following fundamental research question. 

Research Question: What is the impact of corporate social responsibility on firm 

production when correcting for known estimation biases? 

Figure 1 provides an overview of my dissertation model, which clearly illustrates how 

this analysis addresses known CSR investigation weaknesses. I will review this model 

again in a later section and provide detailed statistical specifications to support it. As 

stated previously, the concern with most studies related to CSR is the lack of a consistent 

performance measurement and the use of proper analysis techniques to address known 
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biases. I reduce this concern by employing a traditional production function. While using 

a dynamic panel of data is now best practice, there is limited research on CSR that fully 

addresses the endogeneity concern with firm output (the dependent variable).  

Figure 1 – Dissertation Model

 

As my results show, not instrumenting CSR to address firm level endogeneity is a 

crucial oversight. As CSR impacts revenues from production, so does the greater revenue 

gained from production impact expenditures. This simultaneous relationship between 

CSR and production suggests that the firm level variable of CSR must be instrumented 

properly to eliminate endogeneity. By correcting endogeneity using an instrumental 

variable approach, the effect of CSR using a traditional regression analysis are shown to 

be overestimated. This result holds when the sample is divided into high CSR impact and 

low CSR impact industry sector groups. More granular industry sector analysis points to 

industry specific trends with respect to the impact of CSR on production. Additionally, 
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robustness tests investigating the impact of regional fixed effects and regional clustered 

regressions point to the need for CSR studies to acknowledge the impact of regional 

effects in order to avoid reporting overestimated results. Holistically, the results of this 

dissertation support the main hypotheses and add valuable new insights into the study of 

CSR. 

1.2 Dissertation Organization 

The remainder of this dissertation is organized as follows. In chapter 2, I provide a 

literature review that details extant research related to the key theoretical concepts in my 

model. I begin with important research related to CSR and social capital, including the 

accepted measurement techniques for both. I also include a thorough history and 

explanation of the evolution of the production function to support why it is an ideal fit for 

this CSR analysis. Chapter 3 is the theory and methodology section. Here I summarize 

the literature review in support of my theoretical dissertation model, provide detailed 

statistical and data gathering specifications and clearly state hypotheses as they relate to 

my main analysis. I provide thorough results in chapter 4 to showcase my findings and 

how they support my predicted hypotheses and detail the results of additional robustness 

tests. I conclude in chapter 5 with a discussion related to the contributions, limitations 

and potential extensions of this dissertation. 
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CHAPTER 2: LITERATURE REVIEW 

 To understand how CSR impacts firm output, it is important to provide a clear 

review of the existing research related to my key model components illustrated in Figure 

1. The following literature review is a thorough explanation of the history, measurement 

and recent applications of CSR, social capital, and the neoclassical production function. 

This exploration provides the foundation for my dissertation approach, identifies 

theoretical and measurement best practices, and frames how my analysis addresses 

known gaps in the academic landscape. 

2.1 Corporate Social Responsibility 

2.1.1 History 

While the concept of firms acting on behalf of social concerns is not new, the 

academic pursuit to measure the impact of these interests on a variety of outcomes is 

relatively young. Rooted in stakeholder theory (Freeman, 1984), the study of CSR seeks 

to understand the activities firms pursue that are considered socially responsible. The 

importance of CSR stems from how certain activities such as environmental impact 

awareness, social progressiveness, transparency and overall community relations impact 

key stakeholders. This can ultimately drive innovation, product development, market 

penetration and a wide variety of important firm outcomes (Hasan et al., 2016). If these 

activities do not support profit maximization, they could be considered wasteful and 

irresponsible (Friedman, 1970). The alternative supposition states that these activities do 

support profit maximization by providing a key competitive advantage that is difficult for 

rivals to emulate (Hasan, et al., 2016, Barney, 1991, Surroca et al., 2010).  
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The competing viewpoints regarding the impact of CSR play out in real time. We see 

countless examples of firms being heralded for socially progressive policies, while some 

firms are dramatically harmed, either financially or reputationally, by lapses in social 

consciousness. Competing viewpoints on the value of CSR can be heard on television or 

in business school classrooms around the world. Cottage industries have developed to 

rate firms on their CSR activities and investment strategies and products have been 

brought to market around the concept. A PricewaterhouseCoopers survey in 2016 

indicated that 64% of global Chief Executive Officers view CSR as core to their business 

and not a stand-alone initiative (PwC, 2016). The construct is well established. As such, I 

do not dedicate additional review to the competing viewpoints on CSR or the array of 

perspectives on the origins or value of CSR as an organizational activity. We see the 

rewards and consequences of firm CSR decisions anecdotally present themselves in the 

business news headlines every day, but a quantitative understanding of the real impact of 

CSR has been illusive.  

As mentioned previously, Margolis and Walsh (2009) found in an early meta-analysis 

of CSR studies that only 53% of academic papers found a positive effect of CSR on firm 

financial outcomes. A more recent review of academic work related to the impact of CSR 

on firm financial performance also indicated an overall positive effect of CSR, but clearly 

showed variation based on methods used and definitions of CSR (Wang et al., 2016). 

Multiple studies dissect the situational nature of the relationship between CSR and 

financial performance and how multiple external and internal factors can have an impact, 

ultimately resulting in positive, negative and even curvilinear outcomes (Galant & Cadez, 

2017). 
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The positive financial impacts of CSR are well documented, and as mentioned 

previously, meta-analyses do indicate a mean positive effect (Margolis & Walsh, 2009; 

Wang et al., 2016). These results are intuitive. It makes logical business sense that a firm 

would want to produce a product or service while also being mindful of the environment, 

their community and the health and well-being of their employees. There are also 

potential positive side effects of positive CSR. By re-tooling or re-engineering to be more 

environmentally friendly, a firm might become more efficient as well (King & Lenox, 

2002; Christmann, 2000). Scholars have isolated the positive effects of CSR through 

more advanced approaches to studying the impacts of CSR by industry (Pan et al., 2014) 

or by testing the influence of other firm level variables such as human capital (Hasan, et 

al., 2016) or research and development (Chen, 2013). 

At the same time, numerous scholars have shown that the pursuit of CSR activities 

can have negative or no impact on the firm. One school of thought points to the potential 

inefficient use of scarce resources. While CSR might have a positive impact, similar 

investment of resources on other activities might be more effective. This can manifest 

itself with respect to a negative or neutral impact on quality (Berens et al., 2007), 

numerous financial ratios (Soana, 2011) and stock returns (Karagiorgos, 2010). Another 

consideration is organizational agency theory (Mitnick, 1975). Managers are tasked to 

represent the best interest of the firm, and CSR activities, while potentially beneficial, can 

serve the motives of management more than the needs of stakeholders (Groza et al., 

2011). Inclusion of key control variables has also been shown to alter the measured 

impact of CSR on firm performance. An early study on the impact of research and 

development as a control variable when regressing firm outcomes on CSR showed that 
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the inclusion of research on development spend neutralized any positive financial effects 

(McWilliams & Siegel, 2000). It is also important to point out, that while both negative 

and neutral CSR impact studies have been published, a natural publication bias limits 

non-statistically significant results from being published. In the case of examining CSR, a 

result of no statistical relationship between CSR and firm outcomes is a relevant finding. 

As I will highlight in the recent applications section below, researchers continue to 

introduce new variables to test how they interact with CSR to impact firm outcomes. The 

lack of a settled approach to fundamentally determining the impact of CSR leaves open 

the door for robust analysis approaches. 

Regardless of the ambiguity in the above results, the academic pursuit of studying the 

impact of CSR is vitally important. Understanding how firm inputs impact firm outputs 

must include the measure of opportunity costs to productivity (Paul & Siegel, 2006). If 

the network effect of CSR activities is not considered when evaluating firm performance, 

traditional estimation techniques will be biased (Paul & Siegel, 2006). The study of CSR 

is still maturing and the effects of CSR on firm outcomes are highly subject to estimation 

technique and sample selection. A lack of overwhelming support for a consistent effect of 

CSR on the firm opens the door for a more baseline approach to understanding how this 

ever more popular construct is truly influencing the firm. 

2.1.2 Measurement  

In their recent meta-analysis of CSR studies on financial performance, Wang et al. 

(2016) identified five major measurement approaches to capturing the CSR activities of 

the firm. They identify academic ratings (scholarly firm CSR research), content analysis 

(reviewing corporate materials and assigning a CSR value), survey (traditional survey of 
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stakeholders, social auditing (independent firm CSR rating) and the proxy variable 

approach (using investment in firm charitable giving or environmental control) (Wang et 

al., 2016). Each of these measurement techniques offers unique benefits and downsides. 

The social auditing and survey methods represented the largest number of observations in 

their analysis (Wang et al., 2016). There is no standard for measuring CSR and all 

techniques suffer from researcher subjectivity bias and the potential for selection bias, as 

typically only large, successful firms are included for measurement (Galant & Cadez, 

2017).  

Social auditing measurement approaches are the most commonly used technique as 

they cover multiple dimensions of CSR and provide large amounts of CSR data at scale 

(Galant & Cadez, 2017). The MSCI KLD 400 social index is often cited in published 

CSR work (e.g. Hoi et al., 2015; Jha & Cox, 2015; Ghoul et al., 2011; Hasan et al., 2016). 

Another similar source of audited third party CSR data is CSRHub. These agencies use a 

variety of sources to compile firm data on a number of CSR areas, ultimately providing 

component and aggregate CSR ratings for each firm. Like the MSCI KLD 400 social 

index, CSRHub is cited in a variety of CSR studies related to firm outcomes (e.g. Soytas 

et al., 2019; Vaia et al., 2017; Lin et al., 2018). I use the CSRHub ratings in my analysis. 

Additional information regarding the CSRHub data used in this dissertation is provided in 

the methodology section. 

2.1.3 Recent and Germane Applications 

As detailed previously, a wide variety of studies investigate the relationship between 

CSR and firm outcomes. I highlight two recent studies here as they provide the latest 
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research related specifically to how CSR impacts firm performance. Furthermore, they 

provide methodological guidance and best practices for my analytical approach. 

In an attempt to formulate an integrated model for the relationship between CSR and 

firm performance, Lin et al. (2015) find that human capital serves as a mediator and 

industry type serves as a moderator. Their study period is from 1998 to 2008 and they 

examine 500 large publicly traded firms. They find that environmentally sensitive 

industries show a positive relationship between CSR and firm performance (measured as 

return on equity). Conversely, they find that non-sensitive industries show a negative 

relationship between CSR and performance. Their varied results across industries informs 

my approach to include industry dummies in my overall analysis. 

In a recent study, Soytas et al. (2019) directly address endogeneity with respect to 

firm sustainability and financial performance. Using U.S. firm data from 2010 to 2013, 

they use return on assets and return on equity as the measures of firm financial 

performance and use published sustainability keywords about the firm to instrument the 

CSR variable. They find a positive link between sustainability activities and performance, 

and show that instrumenting CSR with the collected sustainability press score for each 

firm produces different results depending on the type of performance measure used. 

Soytas et al. (2019) sets the precedent that addressing CSR endogeneity is a worthy 

academic pursuit. I differentiate my research by using a community, and non-firm 

specific, instrumental variable to address CSR endogeneity. Furthermore, by utilizing a 

neoclassical production function, my findings are grounded in a theoretically robust and 

proven estimation technique. 
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I address a number of other recent and highly relevant CSR related studies in the final 

section of the literature review as they highlight the latest work on my main constructs of 

CSR, social capital and production function estimation. While a great deal of work has 

been done to analyze how CSR impacts firm outcomes, the opportunity exists to further 

address endogeneity concerns, industry effects and consistency in estimation technique. 

2.2 Social Capital 

2.2.1 History 

Social capital is defined by the Organisation for Economic Co-Operation and 

Development (OECD) as “networks together with shared norms, values and 

understandings that facilitate co-operation within or among groups (Keeley, 2007, p. 

103).” While thought of as a generic concept previously, Coleman popularized the use of 

social capital in economic terms by relating it to the accepted notion of human capital 

(Coleman, 1988). Coleman made the connection between the social underpinnings of an 

entity and the actions of the actors that make up that entity. This spawned a number of 

iterations. Putnam (1993) advanced the concept in the early 90s as a way to acknowledge 

the influence of trust and cooperation among parties in reducing transaction costs, and 

therefore driving productivity. Putnam’s macro analysis of the impact of social capital 

accelerated academic research. 

In the mid-90s, academic articles referencing social capital numbered in the single 

digits. In 2014 alone, there were nearly 500 references to social capital in published 

journals (Engbers et al., 2016). Putnam (2000) again led the formative stage of defining 

social capital by localizing the impact and drawing a line between social capital and key 
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community outcomes. Similar to other capital constructs (physical, financial, human), 

social capital can be measured and tested to understand the influence on key performance 

outcomes and the capacity for productive work (Gamarnikow, 2011). The use of social 

capital as a community level instrument for a firm level variable is very specific. As will 

be shown in the recent applications section, the theoretical tie between community social 

capital and firm level CSR has been established in literature. As such, I do not dig deeper 

into the history of the construct, and focus now on the measurement of community social 

capital and germane scholarly research that grounds the measurement as a valid 

instrument for use in this analysis. 

2.2.2 Measurement  

Typically, social capital is measured at the individual (relationships and social 

network support) or the collective (civic engagement and trust) level (Scrivens & Smith, 

2013). Civic engagement is especially germane as this is an often understudied element 

of social capital that centers on the overall positive contributions of a society (Scrivens & 

Smith, 2013). In a review of social capital measurements, Siegler (2014), describes 

multiple elements that make up civic engagement, including political involvement and 

use of shared resources (Siegler, 2014). This collective level measurement of social 

capital is foundational for examining the impacts of social capital at the community level. 

Figure 2 provides an illustration of how social capital differs by county in the U.S. 

(Rupasingha et al., 2006 with updates).  
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Figure 2 - Community Social Capital Differences 

 

 

 

The visual provides a collective community social capital distribution for over 3000 

U.S. counties, but it is important to note that each county is scored based on four 

component parts. These are civic organization density, voter turnout, census response and 

nonprofit density. This dataset is published by the Northeast Regional Center for Rural 

Development (Rupasingha, et al., 2006 with updates). Cited in a multitude of papers, it 

serves as an established tool for measuring community social capital1. Appendix Item 1 

also provides additional information about the social capital measurement construct, 

including factor details. 

                                                           
1 Robert Putnam, previously mentioned as popularizing the concept of social capital research, is quoted in 

praise of the continued publication of this data. https://aese.psu.edu/nercrd/community/social-capital-

resources 
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2.2.3 Recent and Germane Applications 

The influence of social capital has been studied at various levels. Individual social 

capital is a hot topic in modern society, driven by the ubiquitous nature of social 

networking websites and mobile applications. Researchers have looked at the influence of 

individual social capital on job performance (Mehra et al., 2001), creative and managerial 

performance (Burt, 2004; Burt, 1997), and even student academic performance (Johnson 

et al., 2015). When it comes to firm performance, existing research has investigated the 

effect of social capital as well. Researchers have examined product innovation and social 

capital (Tsai & Ghoshal, 1998), firm political connectedness and performance (Cao et al., 

2016), and the impact of both internal and external social capital on firm performance 

(Dai et al., 2015). 

The nature of social capital lends itself to a more fundamental analysis. Given that 

social capital flows from multiple sources and spills across traditional, individual and 

firm boundaries, the study of community social capital is an intriguing avenue for pursuit. 

Malecki (2012) calls for using community social capital to analyze a broad set of 

economic and performance outcomes. Jha and Cox (2015) link firm corporate social 

responsibility to the social capital of the county where a firm is headquartered. This use 

of community social capital as a predictive variable grounds the construct as a viable 

instrumental variable and allows for extensions to study the impact on other outcomes. 

Namely, this sets up the use of community social capital as an instrumental variable for 

CSR in a firm level production function. 
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2.3 Production Function Estimation 

2.3.1 History 

Published in 1928, Charles Cobb and Paul Douglas put forth a functional form for 

estimating production (Cobb & Douglas, 1928): 

 

𝑌 = 𝐾𝛼𝐿𝛽           (1) 

 

By empirically showing that manufacturing productivity (𝑌) is a function of labor (𝐿) 

and capital (𝐾), they kicked off a decades long evolution in production theory that 

continues today. This functional form of production allows for returns scale, through the 

inclusion of elasticities, 𝛼 and 𝛽, which are related to their respective factor of production 

(𝐾 and 𝐿).  As the factors of production change, there should be a proportionate change in 

output; if equally proportionate, it is referred to as a constant returns to scale. 

The original Cobb-Douglas production function was used to compare theoretical and 

actual production curves. This allowed the researchers to test returns to scale and more 

fully understand the unobserved residual coefficient, or production growth not explained 

by labor and capital. This is the fundamental starting point for the sophisticated iterations 

that have been tested in the ensuing years. The simple concept that firm production is a 

function of labor, capital and an intangible, unobservable, residual gave way to more 

granular definitions of capital and labor, as well as the vital exposition of what was then 
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considered intangible, but has matured to be the theoretical heavyweight of economic 

residuals. 

Solow (1956) attempted to define both the input variables and the residual more 

specifically. The bulk of Solow’s 1956 work is additional refinement of the labor and 

capital inputs to account for timing, availability of labor, wages and capital inventories 

(Solow, 1956). As an extension, Solow put forth that the rate of technological change 

accounts for what was then perceived to be arbitrary fluctuations in production (Solow, 

1956). This ignited a decades-long academic pursuit to more fully define what is now 

referred to as total factor productivity (TFP). TFP is generically defined as any 

predictable, yet unobservable, growth in output after accounting for growth attributed to 

known inputs, most typically labor and capital. TFP is essentially the portion of the 

unobservable error term that makes up all other subject level productivity after 

calculating the impact of capital and labor on output. Thus, the traditional Cobb-Douglas 

production function modified to account for the unobservable residual between output 

and its known factors of production is: 

 

𝑌 = 𝐴 𝐾𝛼𝐿𝛽           (2) 

 

where A represents TFP. Assuming a firm level (i) cross-section of data, equation (2) 

can be empirically estimated by taking the natural log of both sides and expressing A in 

terms of a traditional intercept (𝛽0) and a randomly distributed error term (𝜀𝑖), including 

firm specific error (Ackerberg, 2017). 
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𝑙𝑛𝑌𝑖 = 𝛽0 + 𝛽1𝑙𝑛𝐾𝑖 + 𝛽2𝑙𝑛𝐿𝑖 + 𝜀𝑖          (3) 

 

Equation (4) simplifies the specification even further by representing the natural log 

variables with lower case letters. 

 

 𝑦𝑖 = 𝛽0 + 𝛽1𝑘𝑖 + 𝛽2𝑙𝑖 + 𝜀𝑖           (4) 

 

Solow’s exposition of TFP kicked off a long period of research where TFP was 

studied and scholars began to isolate various forms of capital and labor and break apart 

the residual to better predict certain aspects of it. Van Ark (2014) points to how much 50s 

era descriptions of TFP have evolved over the years. Much has changed over time and 

many researchers began including different types of TFP influencers in the production 

function, many of which are intangible. Pakes and Griliches (1984) added knowledge 

capital in the form of R&D investment to the production function. Human capital was 

introduced to add granularity to the labor input (Lucas, 1988 and Romer, 1986). As more 

variables were introduced to help explain TFP, the application of the production function 

expanded from a macroeconomic tool and was utilized at the firm level as well 

(Gurbaxani et al., 2000). 

As the use of the production function expanded, some concerns were raised as to the 

appropriate empirical application of the specification. I highlight the work of a number of 
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researchers below who have contributed to refining the techniques used for estimating 

production functions.  

2.3.2 Measurement (Addressing Known Weaknesses) 

The mid-90s brought about solutions for two of the major flaws in the traditional 

Cobb-Douglas production function. Olley and Pakes (1996), in an analysis of the 

telecommunications industry, found that selection bias arises in production function 

research as most scholars use a balanced sample, which means only firms that start and 

survive for the duration of the study period are analyzed. They argued for including all 

firms that start, exit or enter during the study period. By introducing this dynamic 

technique, the capital estimation bias is addressed and production function estimates are 

improved (Olley & Pakes, 1996). 

Many scholars have expanded upon the work of Olley-Pakes to address selection bias 

concerns. It is important to point out that selection bias occurs when firms are eliminated 

or excluded from the analysis for any number of reasons. Levinsohn and Petrin (2003) 

introduced a technique to smooth out sporadic investment (most previous models dealt 

only with non-zero investments). This allows for easier analysis of large data-sets with 

multiple firms with zero capital expenditures in a given year.  In an extension, Melitz and 

Polanec (2015) introduce market share fluctuations and shifting firm composition to 

mitigate even further the selection bias. Ackerberg et al. (2015) identifies functional 

dependence between the input variables as a concern in the above techniques and 

suggests, among other things, introducing additional firm level inputs that are actually 

observable by the researcher. This is something that has become more realistic given 

access to more granular data in recent years. 
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To address labor and capital endogeneity, Olley and Pakes (1996) introduced a 

variable cost efficiency index to modify input variables to reduce endogeneity with TFP. 

Endogeneity results when unobserved shocks to productivity are correlated to other input 

variables, which leads to inaccurate estimation. The Olley-Pakes approach serves to 

eliminate the estimation bias of labor on the production function. Endogeneity concerns 

are crucial, because correlation between input variables (including residual influencers) 

and TFP will result in biased production estimates. 

Other researchers have explored different methods to address similar production 

estimation function concerns. Blundell and Bond (1999) further accounted for selection 

bias and endogeneity by using a dynamic panel of data and improving the use of lagged 

instruments. Known as the generalized method of moments (GMM), they applied a multi-

level approach, which I will address in more detail below. Other scholars have since 

tested and refined the two-stage approach to correct endogeneity (e.g. Söderbom & Bond, 

2005; Wooldridge, 2009; Ackerberg et al., 2014). Using simulated production data, 

Söderbom & Bond (2005) use adjustment costs to provide context to input variables in a 

two-stage approach.  Wooldridge (2009) describes the conditions by which 

unobservables can be accounted for using a two-equation system. Ackerberg et al. (2014) 

dig even deeper into the first stage of two-step GMM model to define optimal weights for 

input variables. 

The above is by no means a comprehensive accounting of all scholarly work on this 

topic, but it highlights seminal work related to addressing and correcting selection bias 

and endogeneity issues, which I will revisit in the methodology section. I will now 
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expand on one key method of addressing endogeneity concerns, as it is particularly 

germane to this study. 

Heckman and Robb (1985) identify correlation between inputs and the unobserved 

residual when analyzing earnings. They introduce the concept of proxy variables to 

eliminate any correlated input variables and replace them with instruments, which are not 

directly related to the residual.  Instead of using firm specific earnings information, 

broader economic market information, or regional economic performance, that is 

unrelated to the firm unobservables can be substituted into the production function 

(Heckman & Robb, 1985). This use of a basket of regional data to instrument for the 

independent firm level variable of interest satisfactorily mitigates endogeneity concerns.  

The researchers also describe using latent, or lagged variables to achieve the same ends. 

Heckman and Robb provide two good techniques for instrumentation. More generally, a 

good instrumental variable is correlated with the independent variable of interest, but 

uncorrelated with the dependent variable, including TFP (Angrist & Krueger, 2001). This 

two-stage approach is an established technique for addressing endogeneity concerns and 

is described by Ackerberg (2017) as the “gold standard” for dealing with endogeneity 

issues.  

Assume that the estimation equation builds on equation (4) such that a new variable, 

𝑉𝑖, is included as an independent variable:   

 

𝑦𝑖 = 𝛽0 + 𝛽1𝑘𝑖 + 𝛽2𝑙𝑖 + 𝛽3𝑉𝑖 + 𝜀𝑖      (5) 
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If 𝑉𝑖 is endogenous, a two-stage least squares (2SLS) approach can be employed such 

that the endogenous variable is instrumented with (𝐼𝑁𝑆𝑇𝑖) in the first stage in order to 

obtain a predicted value �̂�𝑖 that is an exogenous determinant of 𝑦𝑖 to be used in the 

second stage. 

 

Stage 1:  𝑉𝑖 = 𝛽0 + 𝛽1𝑘𝑖 + 𝛽2𝑙𝑖 + 𝛽3𝐼𝑁𝑆𝑇𝑖 + 𝜇𝑖      (6) 

 

such that �̂�𝑖 = 𝑏0 + 𝑏1𝑘𝑖 + 𝑏2 𝑙𝑖 + 𝑏3 𝐼𝑁𝑆𝑇𝑖 ,where 𝑏𝑘 represents the estimated 

coefficient for the k-th variable and �̂�𝑖  the corresponding predicted level of �̂�𝑖 for firm i. 

The predicted �̂�𝑖 is now plugged into the second stage regression to estimate the now 

exogeneous impact of 𝑉𝑖 on firm output (𝑦𝑖). 

 

Stage 2:  𝑦𝑖 = 𝛽0 + 𝛽1𝑘𝑖 + 𝛽2𝑙𝑖 + 𝛽3�̂�𝑖 + ⍵𝑖        (7) 

 

Note that when comparing (5), (6), and (7), 𝑐𝑜𝑟𝑟(𝑉𝑖,𝜀𝑖 ) ≠ 0 in (5), but 

𝑐𝑜𝑟𝑟(�̂�𝑖 ,
𝜔𝑖 ) = 0 in (7), as the extraction of 𝜇𝑖 from 𝜀𝑖  removes the endogenous 

component of the empirical relationship. 

2.3.3 Recent and Germane Applications 

There are an abundance of papers published each year that utilize the production 

function as the construct of their primary estimation equation. From this large selection, I 

highlight a few that are most germane to my firm level analysis. Trax et al. (2015)  test 

the influence of cultural diversity on TFP, and are particularly notable as they find many 
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advanced methods, such as Arellano and Bond (1991), provide little additional 

explanatory value to a general two-stage approach using a dynamic panel of data. They 

also successfully utilize a community variable (local diversity) to instrument for an 

endogenous firm level variable (plant-level diversity). 

Ding et al. (2015) examine Chinese industrial firms over ten years using GMM to 

identify the cause of dramatic increases in TFP over time. I highlight this study as it 

brings together much of the literature I have described above as they find firm entry (a 

selection bias control) to be a major contributor to TFP. Maliranta and Määttänen (2015) 

perform a similar analysis on Finnish firms and also find that TFP growth is attributed to 

exiting and entering firms, further bolstering the Olley-Pakes (1996) observations. 

Utilizing the exogenous variable of a surge in regional college educated workers in 

China, Che and Zhang (2017) use a production function proxy for human capital to help 

explain increases in TFP. Again, this study uses traditional methods described above and 

a creative exogenous instrument to contribute to production function literature. A study 

of Indian manufacturing firms by Satpathy et al. (2017) uses the Levinsohn-Petrin 

method to find that technology application is a positive predictor of TFP. I highlight these 

recent works to demonstrate how the traditional methods of analysis are still being 

applied and how novel uses of these techniques have garnered meaningful results. 

2.4 CSR and Production 

Other scholars have paved the way for continued research related to how CSR 

impacts production. Most of these studies are conducted at the country or state level and 

analyze larger economic impacts. They also use non-firm level measures of social capital 

to determine how social conscientiousness impacts production indicators. Bartolini and 
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Bonatti (2004) examined the degradation of societal-level social capital on output and 

make the case that degrading social capital might actually boost output. Contrary to this 

conclusion, Casey and Christ (2005) found in a study of American states, that social 

capital has a neutral effect on output and employment, but does have a positive impact on 

stability. Chou (2006) proposed models that tie the concept to human capital, financial 

development and innovation to better frame how social capital can be applied to 

economic analysis. Da Silva (2006) was more specific and outlines the infrastructure 

items related to social capital in order to better compare and contrast economies. Mayumi 

(2016) used this same approach to compare and contrast the economic impact of social 

capital in Japan, the UK and the U.S. In a more recent study on Chinese provinces, Xiong 

et al. (2017) show that the economic impact of social capital on TFP is localized. This 

lends support for my pursuit of using a local (community) social capital instrument when 

analyzing the impact of CSR in a firm level production function. 

At the firm level, the CSR studies used in a production function are less common. In a 

particularly germane study, Hasan et al. (2016) examine how CSR impacts firm financial 

performance and use a traditional firm production function to estimate the impact of CSR 

through firm TFP. Their approach is instructional as they mitigate for selection bias and 

even use political leanings of the state where a firm is located to address CSR 

endogeneity. They find that TFP mediates the positive relationship between CSR and 

firm performance (measured as Tobin’s Q). This is intuitive as firm level decisions 

should interact to impact firm performance. They also make the case for including a 

firm’s undistributed cash (prior year profit) as a control variable in CSR analysis, as 

managerial decisions related to CSR are influenced by available discretionary cash 
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(Hasan et al., 2016). This is a perfect springboard to more fundamentally examine ways 

to fully instrument CSR with a variable that is exogenous to both TFP and firm output. 

Below, I describe extant literature related to the relationship between such a variable, 

community social capital, and firm corporate social responsibility (CSR), setting up a 

clear path to the hypotheses I propose for this study. 

I have mentioned previous scholarly work linking the concept of social capital to firm 

CSR. Sacconi and Antoni (2008) provide a deep analysis comparing social capital and 

CSR, including a framework that leans on the social contract and commitment that CSR 

represents and how that ties directly to the theory of social capital. Lins et al. (2017) uses 

CSR as a proxy for social capital in a study of firm resilience during the 2008 financial 

crisis. They found that firms with high social capital (CSR as a proxy), had significantly 

higher stock performance as compared to low social capital firms (Lins et al., 2017). 

They also found these firms to be more profitable with stronger growth and higher sales 

(Lins et al., 2017). 

The Lins et al. (2017) paper makes a strong case for CSR representing the social 

capital of the firm as it captures community relationships, social network support, 

governance, environmental stewardship, civic engagement and overall community trust. 

This maps well to the theoretical foundation of social capital theory (Putnam, 1993). As 

mentioned previously, Jha and Cox (2015) link U.S. firm CSR to the social capital of the 

county where a firm is headquartered, or community social capital (CSC). Hoi et al. 

(2016) perform a very similar analysis on U.S. firms which details the role that both 

positive and negative CSC plays on firm CSR and financial performance. These studies 

are useful in multiple ways. First, they provide additional theoretical grounding to show 
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that CSR is a valid measure of social capital. Secondly, they provide the foundation for 

using CSC as an instrumental variable in the production function, as it is correlated to 

firm CSR, but exogeneous to TFP and firm output.  
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CHAPTER 3: THEORY AND METHODOLOGY 

3.1 Neoclassical Production Function Theory 

 See Figure 1 for an illustration of the theoretical model I apply to test the true impact 

of CSR on firm production. Given the ubiquitous nature of production functions and the 

previous research detailed above regarding CSR as a variable of interest related to 

production, I do not provide additional justification for using the neoclassical Cobb-

Douglas production function as the theoretical underpinnings of my empirical estimation 

model. Instead, the two-stage specification, detailed below, serves as the econometric 

rationale for my approach. I apply the observations gleaned from the literature review 

above to justify the statistical approach to my specifications. 

3.2 Specifications and Hypotheses 

As has been described above in the overview of critiques of the production function, 

it is essential to acknowledge selection bias and endogeneity issues when testing the 

impact of specific variables in the production function (Olley & Pakes, 1996). I provide 

below an iterative approach to visualizing my proposed function in order to address the 

main production function concerns in turn. I begin the regression specification 

description with the simple production function, equation (4), that I summarized in the 

literature review: 

 

 𝑦𝑖 = 𝛽0 + 𝛽1𝑘𝑖 + 𝛽2𝑙𝑖 + 𝜀𝑖     

         

where lower case variables indicate logs, y represents firm i’s output, k represents 

capital, l represents labor, and 𝜀𝑖 represents the error term. The first concern to mitigate is 
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selection bias. As mentioned previously, my sample will include a panel of data that 

spans many years (t) which modifies the production function to include a time dimension 

across all variables: 

 

𝑦𝑖𝑡 = 𝛽0 + 𝛽1𝑘𝑖𝑡 + 𝛽2𝑙𝑖𝑡 + 𝜀𝑖𝑡         (8) 

 

 As Olley and Pakes (1996) and numerous other scholars indicate, it is not enough to 

simply use a balanced approach to panel data. All firms, regardless of exit, survival or 

entry must be included in order to eliminate selection bias and an over-inflated estimation 

of production due to over-estimated labor and TFP coefficients. This is vital, as the 

production function is based on returns to scale and these over-estimations produce 

inflated production outputs. My panel of data includes all firms, regardless of exit or 

entry, thus mitigating this concern. 

I now move on to discuss how I will address endogeneity concerns. I first break apart 

the error term to isolate the unobserved, yet predictable component, previously 

referenced as TFP (Ackerberg, 2017): 

 

𝜀𝑖𝑡 = 𝑡𝑓𝑝𝑖𝑡 + 𝜆𝑖𝑡          (9) 

   

where 𝑡𝑓𝑝𝑖𝑡 is a predictable unobservable (productivity shock) and 𝜆𝑖𝑡 is truly 

unobservable and unrelated to firm decisions. 𝜆𝑖𝑡 is a more traditional interpretation of 

the error term.  Substituting (9) into (8) yields:  

 

𝑦𝑖𝑡 = 𝛽0 + 𝛽1𝑘𝑖𝑡 + 𝛽2𝑙𝑖𝑡 + 𝑡𝑓𝑝𝑖𝑡 + 𝜆𝑖𝑡      (10) 
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Endogeneity arises in equation (10) as TFP is correlated with the error term and the 

output. This applies to CSR, my variable of interest, which is a TFP influencer. While I 

predict CSR represents some of the unobservable impact of 𝜀𝑖 on𝑦𝑖, the correlation with 

𝜀𝑖 is an endogeneity concern. To illustrate, I now define the variables I use in my analysis 

to explain TFP. 

In addition to CSR, two additional variables are considered to impact TFP; R&D 

expenditures (McWilliams & Siegel, 2000) and discretionary cash holdings (Hasan et al., 

2016).  These variables are noted to have lagged impact on firm production given the 

delayed influence of these firm level inputs on firm level outputs. Additionally, they are 

naturally exogeneous with respect to production. 

 

𝑡𝑓𝑝𝑖𝑡 = 𝜃1𝐶𝑆𝑅𝑖𝑡 + 𝜃2𝑟𝑑𝑖𝑡−1 + 𝜃3𝑐𝑎𝑠ℎ𝑖𝑡−1  + 𝑎𝑖𝑡      (11) 

 

where 𝑎𝑖𝑡 represents the firm specific unobservable TFP not accounted for by 𝐶𝑆𝑅𝑖𝑡, 

𝑟𝑑𝑖𝑡−1 or 𝑐𝑎𝑠ℎ𝑖𝑡−1. 𝐶𝑆𝑅𝑖𝑡 represents corporate social responsibility while 𝑟𝑑𝑖𝑡−1 

represents firm R&D expenditures in the previous year and 𝑐𝑎𝑠ℎ𝑖𝑡−1 represents firm 

discretionary cash as captured by previous year profits. Plugging (11) into (10), and 

adding time invariant industry controls, yields: 

 

𝑦𝑖𝑡 = 𝛽0 + 𝛽1𝑘𝑖𝑡 + 𝛽2𝑙𝑖𝑡 + 𝜃1𝐶𝑆𝑅𝑖𝑡 + 𝜃2𝑟𝑑𝑖𝑡−1 + 𝜃3𝑐𝑎𝑠ℎ𝑖𝑡−1 + 𝑎𝑖𝑡 +

𝛴𝛽3𝐼𝑛𝑑𝐷𝑢𝑚𝑚𝑖𝑒𝑠𝑖 + 𝜆𝑖𝑡         (12) 

 



 

43 

 

which represents a final estimation equation for my empirical model. Industry 

dummies were also included in the execution of equation (12), noting the previously 

mentioned significant impact of industry as it relates to CSR (Lin et al., 2015). The above 

equation represents a standard OLS approach to estimating the impact of CSR on firm 

output. As previously described, CSR has been shown to impact firm performance using 

traditional regression techniques (e.g. Hasan et al., 2016; Lin et al., 2015). As such: 

 

H1: CSR is a significant predictor of firm production when endogeneity of CSR is not 

addressed. 

 

I expect to find CSR to have a statistically significant impact on firm production 

when analyzing all industry sectors using traditional regression techniques. I expect the 

significant relationship to persist when testing by sector. However, equation (12) does not 

account for the fact that 𝐶𝑆𝑅𝑖𝑡 is an endogenous input that is potentially a direct 

determinant of 𝑦𝑖𝑡 and correlated with 𝑎𝑖𝑡. In order to accurately isolate the impact of 

CSR on firm production, it is crucial that the endogeneity of CSR be corrected to ensure 

assumptions required for unbiased regression estimates are satisfied. This is achieved 

through a two-stage approach. The instrumental variable CSC (community social capital) 

is used to compute predicted 𝐶𝑆𝑅𝑖𝑡. CSC should be an ideal instrument that is related to 

our TFP explainer variable of interest, CSR, but not to firm output. As Ackerberg (2017) 

describes, an ideal instrument is correlated with 𝐶𝑆𝑅𝑖𝑡, not correlated with 𝑎𝑖𝑡 or  𝜆𝑖𝑡 and 

not a direct driver of 𝑦𝑖𝑡. While this is ideal, rarely can a variable meet these criteria. 

Recall that 𝑎𝑖𝑡 is made up of a variety of firm level unobservables (management 

decisions, access to raw materials, weather conditions, etc.). Unless instrumented, there is 

no way to separate 𝐶𝑆𝑅𝑖𝑡 from these other unobservables and ensure exogeneity. Failure 

to do so could bias the influence of 𝐶𝑆𝑅𝑖𝑡 on production, and invalidate any results I 
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might find. Community social capital is ideally suited as an instrument as it should be 

correlated with 𝐶𝑆𝑅𝑖𝑡 but does not directly determine 𝑦𝑖𝑡 and is not correlated with 𝑎𝑖𝑡 or  

𝜆𝑖𝑡. Recall that Jha and Cox (2015) and Hoi et al. (2016) show a positive relationship 

between firms in high social capital counties (CSC) and firm CSR. As such, I propose a 

two-stage least squares (2SLS) regression model to establish a predicted CSR variable, 

instrumented with CSC, which can then be input as an exogenous regressor in the 

production function. 

 

Stage 1: 

𝐶𝑆𝑅𝑖𝑡 = 𝛽0 + 𝛽1𝑘𝑖𝑡 + 𝛽2𝑙𝑖𝑡 + 𝜃1𝐶𝑆𝐶𝑖𝑡 + 𝜃2𝑟𝑑𝑖𝑡−1 + 𝜃3𝑐𝑎𝑠ℎ𝑖𝑡−1 + 𝑎𝑖𝑡 +

𝛴𝛽3𝐼𝑛𝑑𝐷𝑢𝑚𝑚𝑖𝑒𝑠𝑖 + 𝜇𝑖𝑡         (13) 

 

such that 𝐶𝑆�̂�𝑖𝑡  = 𝑏0 + 𝑏1𝑘𝑖𝑡 + 𝑏2𝑙𝑖𝑡 + 𝜗1𝐶𝑆𝐶𝑖𝑡 + 𝜗2𝑟𝑑𝑖𝑡−1 + 𝜗3𝑐𝑎𝑠ℎ𝑖𝑡−1 +

𝛴𝑏3𝐼𝑛𝑑𝐷𝑢𝑚𝑚𝑖𝑒𝑠𝑖.  This first stage regression is used to test H2 and validate CSC as a 

good instrument for CSR. Given that correcting for endogeneity is an important 

contribution my research makes to literature, H2 explicitly captures my expectation that 

CSC is a relevant instrument in the two-stage estimation approach. 

 

H2: CSC is positively and significantly related to CSR. 

 

The predicted CSR from stage 1 is used as a regressor in the empirical estimation that 

corrects for endogeneity in stage 2.  
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Stage 2: 

𝑦𝑖𝑡 = 𝛽0 + 𝛽1𝑘𝑖𝑡 + 𝛽2𝑙𝑖𝑡  + 𝜃1𝐶𝑆�̂�𝑖𝑡 + 𝜃2𝑟𝑑𝑖𝑡−1 + 𝜃3𝑐𝑎𝑠ℎ𝑖𝑡−1 + 𝛴𝛽3𝐼𝑛𝑑𝐷𝑢𝑚𝑚𝑖𝑒𝑠𝑖 +

𝜆𝑖𝑡            (14) 

 

The full empirical model, in equation (14), is nearly identical to the traditional OLS 

equation that I presented earlier. The notable difference being that CSR has been replaced 

by a predicted CSR, instrumented through CSC and exogeneous with respect to firm 

output. As described in detail in the literature review, firm level variable endogeneity 

causes overestimation bias. Once the endogeneity concern of CSR on firm production is 

mitigated through CSC instrumentation, the impact of CSR on firm output will no longer 

be significant. This is my third hypothesis: 

 

H3: CSR is not a significant predictor of firm production when endogeneity of CSR is 

corrected using CSC instrumentation. 

 

The results of the second stage equate to the test for H3 and should produce an 

unbiased estimate of the impact of CSR on firm output. By using a dynamic panel of data 

and instrumenting CSR to mitigate endogeneity driven overestimation concerns, the final 

specification produces a differentiated method for testing the impact of CSR on firm 

production rooted in sound theoretical and empirical constructs. 
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3.3 Data 

Table 1 below provides a brief summary of the key variables used in the statistical 

tests and the source from which they were collected. Additional details for motivation of 

use and clarity are subsequently provided. Appendix Item 2 provides a summary of all 

variables collected for potential analysis. 

Table 1 – Variable Descriptions 

Variable (Name) Measure Transformation Source 

y (firm output) Real firm sales Logged inflation adjusted (2010) annual revenue Compustat 

k (firm capital) Real firm assets Logged inflation adjusted (2010) annual assets Compustat 

l (firm labor) Firm employees  Logged Compustat 

cash (firm 

undistributed cash) 

Firm discretionary cash 

from profits 

Logged inflation adjusted (2010) annual profit. 

Lagged one year. 
Compustat 

rd (firm innovation) Firm research and 

development spend 

Logged inflation adjusted (2010) annual R&D in 

millions. Lagged one year. 
Compustat 

CSR (firm 

corporate social 

responsibility) 

Firm CSR index without 

the governance 

component (0 to 100) 

Normalized and weighted by CSRHub. No 

governance component, lagged one year to 

represent current year (Hasan et al., 2016).2 0 = 

lower CSR, 100 = higher CSR 

CSRHub 

CSC (community 

social capital) 

County level CSC for 

city where firm is 

headquartered (-3.182 to 

21.831) 

Population relativity included by NCRD. 2009 

index used for 2011 to 2013. 2014 index used for 
2014 to 2016. (Hoi et al., 2016). Negative CSC = 

below average community social capital, positive 

CSC = above average community social capital. 

Northeast Regional 

Center for Rural 

Development 

(NRCRD) 

IndDummies (firm 

industry) 

Firm industry sector 

name 

Low Impact: Healthcare, Services, Technology 

High Impact: Basic Materials, Conglomerates, 
Consumer Goods, Industrial Goods, Utilities 

CSRHub 

𝐶𝑆�̂�𝑖 (firm 

instrumented CSR) 

First stage predicted 

CSR instrumented 

through CSC 

Variables transformed as described above Derived from above 

variables 

Notes: Firm level financial information from 2011 to 2016 (2010 data excluded due to lagged variables). All 

blanks left in to ensure mitigation of selection bias. All 0 values converted to 1 for log transformation. 

                                                           
2 While the CSR variable is technically lagged, it represents current year as the rating is as of December 31 of the previous year. 

Therefore, it is not represented as a lag in the statistical specifications as it is a measure of current year CSR.  



 

47 

 

The sample dataset contains 1,863 unique U.S. publicly traded firms representing 

7,927 firm year observations for the sample period (2011 to 2016). A valid CSR score 

from CSRHub was the limiting variable (sampling frame) and 2010 observations were 

eliminated from the sample as the lagged variables carry forward one year. These firms 

represent 46 U.S. states and 277 unique counties. I provide some additional summary 

information related to key variables below. 

Firm Output - My review of firm level production function output measurement 

revealed that many production functions use real sales as the dependent variable (e.g. 

Dhawan & Gerdes, 1997; Fioretti, 2008; Van Beveren, 2012). Some studies, that seek to 

examine a specific industry or geography will use value added output to adjust for 

intermediate inputs, but this method can produce significantly different estimates 

(Gandhi, 2017). If a very specific industry or geography is being examined, output can be 

adjusted for seasonal or part-time labor (e.g. Trax et al., 2015). Given the wide scope of 

industries, the diverse U.S. based sample and limited availability of seasonal data, I opt to 

use inflation adjusted sales as the dependent variable. 

Labor and Capital - These are traditional factors of production and are always 

included as control variables in production function estimation. Given they are not the 

focus of my study, I make no effort to account for firm level endogeneity concerns as 

examined by multiple scholars (e.g.  Olley & Pakes, 1996; Levinsohn & Petrin, 2003; 

Blundell & Bond, 1999). As Van Beveren (2012) points out, many of the more advanced 

methods to deal with the labor or capital estimation concerns produce identical or 

marginally different results. I am concerned primarily with the impact of CSR only and, 

therefore, can address specific endogeneity issues accordingly. 
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CSR - Composite firm CSR (annual firm score) and component firm CSR (annual 

community, employees, environment and governance scores) were obtained from 

CSRHub, a reputable source of CSR data that is sold commercially and used by investors 

and researchers. CSRHub publishes a score between 0 and 100 for each component and 

the composite CSR score for each firm. Testimonials and a list of research papers that 

utilize this data can be found on the CSRHub website3. Following accepted practice, I 

eliminate the governance score as CSR analysis takes into account the impact on external 

social outcomes and governance is a measure of strictly internal impact (Ghoul et al., 

2011; Hasan et al., 2016). Also, the CSR score from CSRHub represents the calendar 

year-end firm position on December 31. Therefore, following Hasan et al. (2016), data on 

this variable is technically lagged by one year, but is perceived to represent the current 

year measurement. 

CSC - The community social capital variable has been used in studies related to CSR 

(Jha & Cox, 2015; Hoi et al., 2016) and represents the social capital of any given county 

in the U.S. A county CSC score can range from -3.182 to 21.831 (normalized with mean 

0 and standard deviation of 1). A negative CSC score represents a below average CSC 

outcome. The community social capital score for each U.S. county is published on an 

infrequent basis (1990, 1997, 2005, 2009, 2014) by NRCRD. I follow Hoi et al. (2016), 

and apply the CSC variable to the year of and years following the data collection year 

(2011 to 2013 observations = 2009 CSC, 2014 to 2016 observations = 2014 CSC). Hoi et 

al. (2016) describe CSC as a persistent variable and apply the same technique. In 

                                                           
3 https://esg.csrhub.com/csrhub-for-research-purposes - The site also includes a full accounting of the data 

collection methodology. 

https://esg.csrhub.com/csrhub-for-research-purposes
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addition, I statistically confirm the persistence of CSC over time by performing a paired 

t-Test on the population means for CSC (2009 and 2014). Table 2 provides a summary of 

the results, which indicate no significant difference between the means (p > 0.1) and 

confirm the null hypothesis.  

Table 2 - Persistence of CSC 

 

Industry - The sector name for each firm is taken from the CSRHub database. While 

the full analysis includes all industries and controls for industry effects, a supplemental 

approach breaks firms into like groupings. Similar to the Lin et al. (2015) approach, I 

group firms into two industry sub-groups to test if the estimation findings hold. More 

service based industries with less environmental impact make up the “Expected Low 

Impact Sectors” subgroup (Healthcare, Services, Technology) while the more 

environmentally impactful industries make up the “Expected High Impact Sectors” 

subgroup (Basic Materials, Conglomerates, Consumer Goods, Industrial Goods, 

Utilities).  
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CHAPTER 4: RESULTS 

4.1 Descriptive Statistics 

Table 3 provides descriptive statistics for the key variables. The mean for CSC is 

negative, indicating that the average county in the sample has a below average 

community social capital score.  Table 4 provides an industry sector breakdown. Blank 

values were treated as omissions for all variables except RD, where blank values were 

converted to zero for all firms with complete financial data. Additionally, the variables 

are log transformed later for inclusion in the production function, so all zero values are 

converted to one prior to log transformation as 𝑙𝑛 (0) is undefined. 

Table 3 - Descriptive Statistics 

 

Table 4 - Industry Breakdown 
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4.2 Regression Results 

Table 5 provides the results of the baseline regression model. This includes the 

original CSR variable, which has not been instrumented to mitigate for endogeneity with 

firm level attributes. The regression output includes all industries and also isolates high 

impact and low impact industries. The output clearly shows significant negative effects of 

CSR on firm output for the all industry analysis and for both industry sub-groupings. The 

control variables perform as expected and the R-squared outputs indicate that the models 

are a good fit. Additionally, the significant F-statistics for each model indicate the 

independent variables are reliably, and independently, predicting y. CSR is a negative and 

statistically significant predictor of firm production across all columns in Table 5. These 

results provide full support for H1, which postulated that CSR is a significant predictor of 

firm production. The statistically significant finding is consistent with past literature, 

while the negative relationship is consistent with approximately half of extant literature 

findings. Regardless, without addressing the endogenous nature of CSR, these results are 

biased, and not evident of the true impact of CSR on production. 
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Table 5 – OLS Regression 

 

Table 6 provides the two-stage estimation model test results. Both stages of the 2SLS 

are included in the output for the combined industries output. The first stage tests the 

relevance of CSC as an instrument for CSR in the production function. The positive and 

significant coefficient, indicates that CSC is a relevant instrumental variable for CSR. 

Given previous research showing the relationship between these constructs (Hoi et al., 

2015; Jha & Cox, 2015), the results are not surprising. Furthermore, an examination of 

the F-statistics for the first stage shows a small p-value resulting in a rejection the null 

hypothesis that all regressors (including CSC) jointly impact CSR, providing further 

support that the instrument (CSC) is functioning properly (Soytas et al., 2019). Finally, 

for an instrument to be good, it must be both relevant and exogeneous to firm output. 
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Relevance is clearly established above, in that CSC is a significant, and independent, 

predictor of CSR. To test the exogeneity of CSC, I run the 2SLS analysis but introduce 

additional instrumental variables to over-identify the model and produce a Hansen J 

statistic to test the exogeneity of the instruments. Along with CSC, I use the lag of CSC 

and the interaction variable of CSC*Cash, respectively, to produce over-identified 

models. In both cases, the second stage Hansen J statistic is not significant. We cannot 

reject the null hypothesis that the instruments are exogenous. The combined analysis 

above allows me to conclude the CSC is a good instrument. In all, these stage 1 results 

provide full support for H2. 

Table 6 - Two-Stage Least Squares Regression 
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The second stage results for all industries (column II of Table 6) show the impact of 

CSR on firm output, after CSR is instrumented to mitigate endogeneity over-estimation. 

The null hypothesis, that 𝛽𝐶𝑆𝑅= 0, cannot be rejected, indicating the relationship between 

CSR and firm output is not statistically significant. Given the precedent for correcting 

endogeneity when empirically estimating production, I conclude that the previous un-

instrumented results reported in Table 5 are misleading and the Table 6 results are 

preferred. The stage 2 result provides strong support for H3. Namely, when CSR is 

instrumented to correct for endogeneity, it is no longer a predictor of firm output. 

Columns III and IV of Table 6 show the second stage results for the industry sub-

groupings and additional support for H3 is provided. The results clearly hold for the low 

impact sub-grouping. CSR is no longer significant, mirroring the results for the all 

industries analysis. The results for the high impact group provide an interesting wrinkle. 

The p-value for CSR is 0.100, just barely qualifying for the 10% level of significance and 

the sign of the coefficient changes from negative to positive. Instrumenting with CSC and 

mitigating the endogeneity overestimation bias of CSR, shows that predicted CSR could 

actually positively, but weakly, impact firm output. This is a key finding and provides 

additional support for the ambiguity in predicting the directional relationship between 

CSR and firm outcomes. Regardless, the main thrust of this dissertation is the importance 

of properly addressing CSR endogeneity, and the high impact industry sub-grouping 

results drive this point home. When addressing firm level endogeneity with a community 

instrument, I find a meaningful estimation error in the traditional regression approach 

(shown in Table 5). This concludes the benchmark findings in support of hypotheses 1-3. 

Robustness of these results is explored in the next section. 
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4.3 Robustness Tests 

In addition to the fundamental analysis, I perform a number of robustness tests to add 

internal validity to the results. As stated previously, the importance of industry effects 

when analyzing CSR has been illustrated in prior research (Lin et al., 2015). While the 

main analysis includes industry effects and industry sub-groupings, an additional industry 

sector analysis is performed to see the impact of the regressions by sector. The main crux 

of the overall analysis is using a community variable to instrument for a firm level 

endogenous variable. While robust standard errors are computed for the main analysis, I 

perform the tests again using a county level clustered regression to see the impact of 

county level homogeneity on the results. In the same respect, I add county fixed effects to 

the original regressions to see if the results vary. I also explore the interaction between 

CSR and undistributed cash to build on the work of Hasan et al. (2018) and further test 

the relationship between these variables in a production function. Finally, I utilize a 

traditional endogeneity mitigation production function technique to further drive home 

the importance of addressing CSR endogeneity and bolster my findings. These additional 

tests add richness to the analysis and isolate opportunities for future research exploration. 

Table 7 provides the breakdown of results by industry sector. The results do not 

provide consistent confirmation of the results shown in the main analysis. With the 

exception of the utilities sector, CSR is not a reliable predictor of firm output in the OLS 

regressions. Given previous research isolating the importance of industry in CSR analysis 

(Lin et al., 2015), more sophisticated attention might be necessary to ensure the inclusion 

of proper control variables in the industry-specific production equations. Therefore, the 

industry level impact of CSR on firm output requires more specific attention in future 

research. Furthermore, the specification approach not utilizing value added output may 

not appropriately isolate CSR influences at specific industry level observations, leaving 

these results in question. 
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 Table 8 shows the results when standard errors are clustered by county. By clustering 

standard errors, I control for county level homogeneity in each independent variable, 

including CSR. Firms that are headquartered in similar counties may feel similar 

pressures to engage, or not engage, in CSR. Therefore, controlling for this county level 

homogeneity tests how these similarities effect how CSR impacts production. The all 

industries analysis results hold when clustering by county, although we see a less 

significant negative coefficient for CSR. Regardless, when instrumented with CSC to 

address endogeneity in the 2SLS approach, CSR is no longer a significant predictor of 

firm output. For the industry sub-groupings, the OLS regressions do not produce a CSR 

variable that is a predictor of firm output as was the case in the previous robust standard 

analyses. This indicates that clustering by county alone can help correct the CSR 

estimation error. This makes sense, as eliminating county level homogeneity also 

dampens the over-estimated impact of CSR on firm output by introducing a community 

effect, similar to the CSR instrument of CSC. 

Another robustness analysis was performed to include the impact of county fixed 

effects. When adding county fixed effects to the OLS regression, with both robust and 

clustered standard errors, the results did not change from the original analysis. The effect 

of CSR on firm output remains negative and statistically significant. In the 2SLS 

analysis, the results held as well. The predicted CSR coefficient was not significant, 

showing the overestimation of CSR in the OLS regression when controlling for county 

fixed effects. These results are shown in Table 9. 

Hasan et al. (2018) clearly show that undistributed cash has a unique firm outcome 

relationship with CSR. To further bolster their findings and ensure this relationship is not 

influencing the overall analysis, I create an interaction variable (CSR*undistributed cash) 

and include it in both the OLS and 2SLS regressions. The results of this analysis are 

presented in Table 10. In the OLS regression, we see that CSR remains a negative, and 

statistically significant, predictor of production. The interaction of CSR and undistributed 
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cash is positive and significant. This confirms previous work by Hasan et al. (2018) and 

does not contradict my initial findings. This positive and statistically significant 

relationship between the interaction term and production holds in the 2SLS regression, 

and the second stage overestimation of the instrumented CSR variable persists as in 

previous iterations. CSR is no longer a statistically significant predictor of firm 

production. This robustness analysis confirms the use of undistributed cash as a quality 

control variable in CSR analysis and shows the interaction between CSR and 

undistributed cash can have a positive impact on firm production, even after mitigating 

endogeneity concerns. 

Finally, as described previously, endogeneity concerns with respect to a variety of 

production function input variables is not a new concept (e.g. Sönderbom & Bond, 2005; 

Wooldridge, 2009; Ackerberg et al., 2014). I have described how others have also looked 

specifically at CSR endogeneity and found cause for concern with respect to predicted 

firm outcomes based on CSR performance (Soytas et al., 2019). My results clearly 

support the need to address CSR endogeneity and do so using a good, and easily 

understood, instrumental variable in CSC. Other statistical techniques exist to address 

overall production function endogeneity issues (e.g. Arellano & Bond, 1991; Olley & 

Pakes, 1996; Blundell & Bond, 1999).  Van Beveren (2012) makes it clear that these 

complex techniques deliver similar results with respect to estimating output. That said, 

utilization of a different technique serves to replicate my second stage findings and drive 

home the overestimated influence of an endogenous CSR. I ran the Arellano and Bond 

(1991) method as it simply lags output to eliminate endogeneity universally in the 

production function. When using this approach, I also found that CSR is not a significant 

predictor of output, verifying the overestimation of the influence of CSR using a 

traditional OLS regression. While a blunt force approach to address endogeneity, 
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applying this technique does bolster my results and validate the need to clearly address 

CSR endogeneity as it relates to firm level performance analyses. As I will discuss in the 

extensions section, additional statistical techniques could be utilized in future studies 

given the availability of more detailed firm level data.  
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Table 7 - Industry Analysis (Robustness) 
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Table 8 - County Clustered Regression (Robustness) 
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Table 9 - County Fixed Effects (Robustness) 

  



 

62 

 

Table 10 - CSR & Undistributed Cash Interaction (Robustness) 
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CHAPTER 5: CONCLUSION 

5.1 Contributions 

This dissertation serves to answer an important research question: What is the impact 

of corporate social responsibility on firm production when correcting for known 

estimation biases? I show clearly that not accounting properly for the endogeneity of 

CSR in a neoclassical production function produces an overestimated influence of CSR 

on firm output. By controlling for endogeneity of CSR and using a modern 2SLS 

technique, I advance scholarly progress on the study of CSR and provide empirical 

evidence rooted soundly in a proven theoretical construct of production. 

By using a large sample of U.S. firms over a number of years, I mitigate selection 

bias and am able to test these results across two known industry sector sub-groups, one 

expected to be highly impacted by CSR activities and one that does not expect such a 

relationship. I find that the results hold by industry sub-grouping and additional 

robustness analysis offers an opportunity to explore more granular industry sector 

analysis. Additional robustness analysis shows the importance of factoring in community 

effects when performing CSR analysis on a panel of diverse firms. My results point to a 

need to consider community effects when testing how CSR impacts firm performance. 

From a practical research perspective, these results point to the caution that must be 

taken when digesting CSR results. Without properly addressing CSR endogeneity, the 

OLS regression results would be misinterpreted to indicate a negative impact of CSR 

activities on firm output. When instrumented properly, and estimated as an exogenous 

variable, CSR activities do not influence firm production for the most part. In the case of 
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the low impact industry sub-grouping, CSR actually becomes a positive contributor to 

production. I will touch on additional avenues of research below, but these results, and 

the technique used to estimate them, provide a note of caution when considering the true 

impact of CSR on the firm. 

There are practical firm benefits related to the results of this dissertation. As 

mentioned throughout this analysis, the overall impacts of CSR are still hotly debated. 

While there are many studies that examine firm level attributes and how they interact 

with CSR activities to impact firm performance, my study highlights the need to look 

outside the four walls of the firm for key influencers. From a purely statistical 

perspective, my results show the importance of addressing CSR endogeneity as 

traditional OLS results can be misleading. As I mentioned above, this is an important 

academic disclaimer to any study related to CSR. But for the practitioner, the results are 

more fundamental because of the nature of my instrumental variable, CSC. While I show 

that CSC mitigates the overestimation of an endogenous CSR on firm output, the fact that 

it is a community variable is profound. 

There are multiple methods to address endogeneity that do not provide practitioners 

with tangible findings. The use of lags, industry averages or other statistically appropriate 

methods to instrument CSR are informative, but not of particular benefit to the firm 

manager. As my findings indicate, the use of a community level variable to instrument is 

effective, but it is also far more practical. Firms must make difficult decisions as to where 

they locate. We see this playing out in real time with the recent controversy over where 

Amazon will locate a second headquarters. If the firm’s mission involves investment in 

CSR, and concerns about that investment being detrimental to firm performance are 
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voiced by shareholders, my research gives practical weight to the suggestion that where a 

firm is located can mitigate the incorrectly interpreted negative output influence of CSR. 

Malecki (2012) calls for using community social capital to analyze a broad set of 

economic and performance outcomes. There is a practical reason for doing this. The 

inclusion of community variables in traditional economic analyses can drive communities 

to implement policies that impact social capital. If more research points to the 

relationship between community attributes and firm level outcomes, policy makers would 

be wise to analyze how the social interconnectedness of the community is impacting 

attraction and retention of quality firms. My research is primarily focused on ensuring 

that CSR analyses properly treat endogeneity to avoid estimation errors. The practical 

truth is that location matters. The community aspect of social capital, through CSR, is an 

important variable when interpreting firm production. Managers and policy makers alike 

would be wise to include deeper analysis of community variables, as they may be having 

a profound impact on how they perform. 

Finally, and most importantly, my results show that addressing CSR endogeneity 

renders the influence of CSR on firm output to be insignificant. Depending on the 

perspective of the firm, this can be interpreted differently. If a firm is already rated highly 

with respect to CSR, and is looking for avenues to increase production, they can interpret 

these results to mean that additional focus on CSR rating improvement would have no 

impact. They may have other reasons for additional CSR focus, but production would not 

be one of them. Similarly, if a firm is currently rated low for CSR, they might interpret 

these results to mean that additional focus on CSR, for ancillary reasons, would not 

impact production. In the case of practitioners, the finding that CSR score has a neutral 
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impact on production is profound and managers can make CSR policy decisions based on 

additional criteria knowing that production will not be influenced. I reiterate that firms 

may have other rationale for focusing on CSR, but these findings provide them with 

practical food for thought when it comes to the neoclassical theory of production. 

5.2 Limitations 

This analysis is not without limitations. The sample is a U.S. market analysis only. 

For additional external validity, a similar analysis could be carried out in other 

geographies to test community social capital as an instrument for CSR. The analysis is 

also limited to larger, publicly traded firms that have an independently issued CSR score. 

This creates a clear blind spot with respect to privately held or small to medium sized 

firms. 

As mentioned in the literature review, there are other ways to measure CSR as well. 

While the independently audited score is the most commonly used, additional CSR 

measurements could be tested to see if these results hold. This holds true for CSC 

measurement as well. While the CSC measurement used in this analysis is an accepted 

form of social capital measurement in literature, a more sophisticated and variable 

measure might be developed. One could envision a community social capital 

measurement that is specific to metropolitan areas without consideration of county 

borders. While I control for this to some degree in my analysis, measurement evolution 

could produce an even more potent CSR instrument in the future. 

While I include the known production function control variables and TFP influencers, 

there could be others that might help explain the influence of CSR on production. I use a 
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production function in this analysis to mitigate estimation technique criticism, but the 

same instrumental variable approach could be used with other firm performance 

measures as the dependent variable. 

Finally, this analysis uses the community social capital of the U.S. county where a 

firm is headquartered. Clearly firms are multidimensional and have both broad and 

international footprints. A collective community social capital score that accounts for this 

diversity would further improve the robustness of the results. 

5.3 Extensions 

As mentioned previously, this same analysis could be applied to a larger sample of 

firms in other markets to ensure the external validity of the results. Furthermore, a 

geographic comparison analysis would pinpoint differences in how CSR impacts firm 

production at a national level. I also mentioned previously the opportunity to dig more 

deeply into the industry analysis. By using a value-added approach to measuring 

production and taking into account industry specific controls, a sector analysis could 

pinpoint distinct industry sector nuances. 

I show in the robustness section a number of techniques that could be further 

advanced to continue investigation into how CSR endogeneity impacts production. There 

are other methods to address endogeneity in the production function, and future studies 

could employ these methods and compare and contrast the results to uncover the potential 

impact of methodological variance. 

As I mention in the limitations sections above, the use of only the firm headquarters 

community social capital could be mitigated by using a larger sample of firm locations to 
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create an aggregate firm community social capital score. Furthermore, firms clearly vary 

on a number of factors. While I provide an industry analysis based on the importance of 

industry shown in previous research, there may be other organizing factors that would 

provide additional insights.  Perhaps separate analyses of high CSR and low CSR firms 

would point to more nuanced results with respect to the impact of an exogenous predicted 

CSR variable. This provides ample opportunity for additional analysis to test if my 

findings hold under different conditions. 

Finally, and most impactful from a future research perspective, this analysis uses a 

production function with firm output as the dependent variable. This same technique 

could be applied to other analyses that investigate varied measures of firm performance 

such as return on assets, profitability or return on equity. While sound production 

estimation theory grounds my analysis, the approach could be extrapolated to other 

outcome variables or regression estimation techniques. By using the community 

instrumental variable of CSC in other CSR investigations, the endogeneity of CSR as a 

predictor of firm performance would be properly addressed.  
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APPENDIX 

Appendix Item 1 - Community Social Capital 

Published by the Northeast Regional Center for Rural Development (Rupasingha, et al., 

2006 with updates) in raw form. 
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Appendix Item 2 - Data Collected 

Firm Level (3000+ U.S. Firms) 

Period: 2010 - 2016 Full Year Data 

Regional (3000+ U.S. Counties) 

Ticker - Compustat FIPS Code (County Level Identifier) - Public 

Firm Name - Compustat  

Address - Compustat Community Social Capital (CSC) 

SIC Code - Compustat Periods: 2009 & 2014 

Sector Name - CSRHub Headline CSC Index - NRCRD 

Industry Group - Compustat Civic Org Density - NRCRD 

Sales - Compustat Voter Turnout - NRCRD 

Total Assets - Compustat Census Response - NRCRD 

RD Expense - Compustat Non-Profit Org Density - NRCRD 

RD to Sales Ratio - Compustat  

Liabilities - Compustat  

Net Income - Compustat  

Employees - Compustat  

Gross Profit - Compustat  

Headline CSR Rating - CSRHub  

Community CSR - CSRHub   

Employees CSR - CSRHub   

Environment CSR - CSRHub   

Governance CSR - CSRHub  
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