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Abstract 

Social disclosure is available through different internal channels, such as SEC filings, stand-

alone sustainability reports, or financial reports and available through external channels, such 

as business news. Based on analytical models that suggest that investors price social 

disclosure, as part of their firms’ risk assessment, I analyze whether the social disclosure gap 

is related to the firms’ cost of equity capital. I employ Latent Dirichlet Allocation, an 

unsupervised machine leaning technique to compare the thematic content of news articles and 

company reports, comprising of 5 billion words to compute the social disclosure gap for a 

sample of 1801 US firms. I find that the social disclosure gap is negatively associated with 

the cost of equity capital. This result is consistent with the limited attention theory, which 

suggests that investors tend to focus their attention on the most salient and easily processed 

social disclosure information and neglect the disclosure gap. I also show that customer 

awareness and product market competition are channels that link the social disclosure gap to 

the cost of equity capital. My findings contribute to the debate around the challenges 

hindering the widespread adoption of sustainability, including the absence of a standard, 

measurement uncertainty, different measures of materiality, inconsistent reporting methods, 

boilerplate language, and comparability. 

 

Keywords: social disclosure, cost of equity capital, disclosure gap, voluntary disclosure, 

limited attention. 

 

Data availability: Data are publicly available from the sources identified in the study. 
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1.   Introduction 
 

Firms and sustainability reporting standard setters, policymakers, and practitioners are 

proposing various mediums to disclose non-financial information in a manner that is 

material and transparent to stakeholders. With communities around the world 

experiencing inequities, the focus on the S component of the Environmental, Social, 

and Governance (ESG) has risen (CPA Canada, 2021). Stakeholders want greater 

social accountability from organizations. Issues like racism, diversity, equity and 

inclusion, labour practices, and health and safety have been long-standing issues, but 

recent events like the COVID-19 pandemic have further shone a light on these issues 

and increased the focus on social disclosures for investors, policymakers, and 

educators. Evolving expectations of stakeholders have driven up the pressure on 

organizations to disclose social aspects of performance (Neilan & Fitzpatrick, 2020). 

Competing frameworks, absence of a standard, measurement uncertainty, different 

measures of materiality, inconsistent reporting methods, boilerplate language, and 

comparability are numerous challenges among others that have hindered the 

widespread adoption of sustainability reporting, resulting in a disparity between what 

is being reported and what investors consider material while making investment 

decisions. This has also resulted in investors turning to third parties, for instance news 

media, who make available to investors social information not disclosed in SEC 

reports. Company social issues can end up in the news media in three ways: (1) When 

a company voluntarily releases the information by a press release, (2) when a 

company indirectly makes information available to the news media by filing a report 

with a regulatory body, such as the EPA or FDA, or (3) the information becomes 

accessible to news media through a court case, a strike/demonstration, or an internal 
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whistleblower. In my case, it is mostly the last one. My social news topics, which 

include contentious issues like securities fraud, health and safety breaches, employee 

discrimination/harassment, labour disputes/strikes, gender pay gap, etc. become 

available to news media when offended parties (e.g., employees or shareholders) seek 

legal redress for their grievance. Following the approach used in Gu et al. 

(forthcoming), I select these issues by combining social issues from a CPA Canada 

(2021) report as well as issues commonly found in the news. CPA Canada’s (2021) 

report suggests that the following social issues are at the forefront of investor’s minds: 

human rights (labour practices, child labour, and modern slavery), health and safety 

(employee safety and product safety), employee engagement and satisfaction 

(training, retention, and non-discrimination), diversity, equity and inclusion (gender 

equality, pay equity, and living wage), and ethics and security (data privacy, customer 

welfare, etc). I formally define the social disclosure gap as the gap between what 

companies disclose and what news media has published. A gap exists when the news 

media report an issue, but a company does not disclose it. The consequences of such 

informational gaps are being debated by practitioners and academics alike. There are 

claims that the failure on the part of companies to report social performance in a 

consistent and measurable way like the environmental aspects of ESG has driven 

investors away from relying on company reports (CPA Canada, 2021). The aim of 

this study is to assess the social disclosure gap and to investigate whether investors 

can price it in terms of the cost of equity capital or not. 

In addition to the scarcity of empirical work on the link between the social disclosure 

gap and the cost of capital, my interest in firms’ equity financing costs is motivated by 

a number of arguments by practitioners. 
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First, a failure to disclose information that investors want can have negative 

consequences. In the words of SEC chairman Jay Clayton,  

If a matter […] is going to affect the company’s bottom line or presents a 

significant risk to the business, I would expect [boards of directors] to do 

something about it. If the matter is material, I also would expect the 

company to disclose the matter and what they are doing about it. This is 

consistent with general fiduciary obligations of directors and officers, as 

well as our disclosure rules (Tahmincioglu, n.d., as cited in Deloitte, 

2019, p. 4).  

Deloitte (2019) states that the failure to respond to increased transparency required by 

investors can hurt public perception of the company and hurt the reputation that was 

built over time. If this information is important to investors, it stands to reason that 

when this information is privately held, it can give informed investors an edge over 

uninformed investors. PwC (2020) reports that the expectation gap for ESG 

disclosures between companies and investors is the widest it has ever been. Investors 

are telling companies they want more information on ESG. A survey conducted by the 

CFA Institute (2017) found that 65% of the investors said they need this information 

to manage their investment risk. Many companies are, however, not sure what exact 

information the investors want. 

Second, information imperfections are important frictions in financial markets. 

According to the Bank of Canada, information asymmetries played an important role 

in the 2008–2011 subprime mortgage market (Kirabaeva, 2011). The resulting 

adverse selection in the subprime mortgage market led to a market freeze and liquidity 

hoarding in other financial markets as well. During the crisis, trades in some markets 
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completely stopped and dramatically reduced in others. And trades that did happen 

were executed at dramatic discounts.  

Third, those raiser of funds often know more about the risk inherent in their 

investment than the providers of the fund. If high-risk projects are indistinguishable 

from low-risk projects, then high-risk projects benefit more than low-risk projects 

because when markets are unable to assess the quality of an asset, its market value 

reflects the average quality of all the assets being offered for sale. This drives out the 

sellers of high-quality assets, leaving behind the low-quality assets. Assets also lose 

their ability to serve as collateral, resulting in higher interest rates, a decrease in 

lending, and eventually a credit crunch.  

Finally, the flight to liquidity served to further amplify the problem of adverse 

selection. Liquidity can be subdivided into funding liquidity and market liquidity. 

Funding liquidity is the ease of raising funds whereas market liquidity is the ease with 

which an asset can be traded. By underestimating systematic risk, market participants 

overestimated the benefits of diversification. The AAA-rated securities were riskier 

than identically rated stand-alone bonds. The correlation between these securities and 

a systematic event was much higher than the identical bonds. The problem was further 

aggravated by the over-optimism of credit rating agencies, which as a result 

underestimated systematic risk. 

Moreover, several surveys and reports find that investors are not getting the social 

information they need from disclosures. A survey conducted by State Street Global 

Advisors (2018) finds that even though 80% of the institutional investors price ESG 

into their investment strategy, only 27% fully incorporate such information into long-

term decisions due to challenges in accurately assessing and benchmarking ESG 
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information provided by companies (State Street Global Advisors, 2018). Second, 

PwC (2020) reports that an increasing number of investors are actively investing in 

data infrastructures to help them locate ESG information from external third parties. 

Third, a CFA Institute (2017) survey finds that investors were getting most of their 

information on ESG from public sources, not from the companies themselves.  

Taken together, these individual pieces of information show that inconsistencies in 

reporting social issues means that investors are not getting the right information.  

Building on the theoretical frameworks of Merton (1987) and Heinkel et al. (2001), 

my first hypothesis predicts that social disclosure gap firms will have a higher cost of 

equity capital than non-social disclosure gap firms, owing to the social disclosure gap 

being associated with lower quality of disclosure and higher perceived risks. Merton 

(1987) argues that investors require a greater premium when they are required to 

trade-off of incomplete information. Easley and O’Hara (2004) show that the wedge 

between private and public information leads to higher returns demanded by investors 

to reflect the risk to uninformed investors from trading with informed investors. I 

build my second hypothesis on limited attention and cognitive processing power 

theories (Hirshleifer and Teoh, 2003) and entrepreneurial opportunity theory. 

Hirshleifer and Teoh (2003) argue that investors tend to focus their attention on the 

most salient and easily processed information, neglecting relevant data. The 

entrepreneurial opportunity theory argues that information asymmetries provide 

massive opportunities for innovating (Cohen and Winn, 2007). They argue that 

private information is a source of advantage that leads to new business models and 

radical shifts in entrepreneurial structures. Under these frameworks, I expect that 

social disclosure gap firms have a lower cost of equity capital than non-disclosure gap 
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firms. I employ Latent Dirichlet Allocation (LDA), an unsupervised machine leaning 

technique, to compare the thematic content of news articles and company reports, 

comprising 5 billion words to compute the social disclosure gap for a sample of 1801 

US firms. After extracting topics from news articles and company reports, I conduct a 

battery of validity tests to assess the accuracy of LDA in finding semantically 

identifiable topics. To compute the firms’ cost of equity capital, I follow an increasing 

number of studies in accounting and finance (e.g., Chen et al., 2009; Hail and Leuz, 

2006) and use the ex-ante cost of equity implied in analyst earnings forecasts and 

stock prices.  

I find a negative and significant relationship between the social disclosure gap and the 

cost of equity capital after controlling other firm-specific determinants, as well as 

industry fixed effects. One standard deviation increase in social disclosure gap leads 

to the firms’ equity premium to decrease, on average, by 1 point. This economically 

significant result suggests that silence is golden and the companies’ silence about 

social disclosures does go undetected. These results suggest that investors do not see 

through social disclosure gap and do reward these firms without considering their 

underlying sustainability performance. If so, it’s crucial to understand what are the 

channels that link the social disclosure gap to cost of equity capital. Thus, in my 

second set of tests, I examine channels that explain the incentives for firms to keep 

quiet and enjoy a lower cost of equity capital. I investigate how the relationship 

between social disclosure gap and the cost of capital is driven by: (1) customer 

awareness, and (2) product market competition. Such inquiry is extremely important 

because although my main tests document the relationship between the social 

disclosure gap and the cost of equity capital, one might still harbour a concern that a 

correlated omitted variable might independently affect both for the social disclosure 
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gap and the cost of capital. I show that firms with high customer awareness and firms 

with low production market competition are those that keep silent with regards to 

their social disclosure gap and enjoy lower cost of equity capital.  My evidence 

includes several robustness checks, including alternative measures of cost of equity 

capital, analyst forecast sluggishness, and dropping “dirty” industries and financial 

firms. I define “dirty” industries as oil, gas, mining, and chemical industries since 

these have a reputation for environmental harm. 

My study provides several contributions to the literature. First, I examine a more 

specific information category (social disclosures) instead of information as a whole. 

Literature dedicated to the economic consequences of information disclosure has 

taken information as a whole instead of taking apart the types of information and 

examining each type of information individually. Semper and Beltrán (2014) argue 

that the Diamond and Verrachia (1991) stream of literature uses a broad-brush 

approach and does not differentiate between the different types of information. My 

study on the other hand zeroes in on a narrow subset of information: social 

disclosures. 

Second, I provide new insight into the relationship between the social disclosure gap 

and the cost of equity capital by directly measuring the disclosure gap using textual 

information. Studies so far have measured the disclosure gap with indirect proxies. 

These studies build on the existing theoretical literature that characterizes the trading 

behaviour of informed traders (e.g., Grossman & Stiglitz, 1980; Kyle, 1985; Copeland 

& Galai, 1983; Spiegel & Subrahmanyam, 1992). For example, Kyle’s (1985) model 

depicts a positive relation between information asymmetry and the abnormal profits 

of informed traders. Studies have relied on various different proxies for information 
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asymmetry. For example, Huddart and Ke (2007) use the level of institutional 

ownership and the number of analysts covering a stock to measure information 

asymmetry. Other studies have employed bid-ask spread, share volatility, and trading 

volume as proxies for information asymmetry. Chalwati et al. (2021) use Trucost to 

compute environmental disclosure gap (greenwashing). The use of Trucost however 

limits their disclosure score to hard information held by third parties, such as 

environmental regulatory authorities. While ratings based on such dimensions are 

good first steps to measure the gap, they do not present the whole picture. Informed 

investors take cues from soft measures like news and opinions. The annual survey of 

3,500 institutional investors by the magazine, Institutional Investor indicates that 

institutional investors have consistently ranked text reports by analysts as more 

important than earning estimates. Moreover, investors annually spend millions of 

dollars each year to buy subscriptions to full content of analyst reports when they 

could just choose to subscribe to databases like the Institutional Brokers Earnings 

Services (I/B/E/S) and Bloomberg for hard numbers (Huang et al., 2014). Despite the 

importance of qualitative information, the literature is primarily focused on 

quantitative information. (Ramnath et al., 2008; Bradshaw, 2011).  

Third, my study contributes to the emerging area of textual analysis by introducing 

LDA, a machine learning approach, to the accounting and finance literature and 

validating the approach for financial documents. As found by Frankel et al. (2021), 

machine learning approaches offer a much better explanatory power over dictionary-

based approaches. Specifically, the machine learning approach helps explain returns 

at 10-K filing dates, whereas the Loughran and McDonald’s (2011) dictionary-based 

approach only helped explain returns for 10-K filings during the period of their study. 

Similarly, Huang et al. (2014), use machine learning to extract textual opinions from 



	 	 	
	
	

9	
	
	

analyst reports. They examine whether this information provides incremental 

information to investors over and above the quantitative information. Their validity 

test indicates that machine learning yields more accurate results than the dictionary-

based approaches. 

Fourth, much of the prior research focuses on the textual characteristics like 

readability and tone of corporate reports instead of the actual content. For example, 

Davis et al. (2015) study the effect of manager optimism on the tone of earnings 

conference calls. Benson et al. (2015) uses textual complexity, tone, and readability to 

measure information camouflage. Li (2006) examines risk sentiment of 10-K filings. 

Durnev and Mangen’s (2020) study examines the association between a company’s 

investment and the tone of the rival company’s Management Discussion and Analysis 

(MD&A). To examine this association, they capture the tone of MD&A using a word 

list from Loughran and McDonald (2011), a list that has been widely used in the 

literature. Larcker and Zakolyukina (2010) create a model to predict deception in 

conference calls. Using dictionaries of words categorized as emotions, cognitive 

efforts, attempted control, and lack of embracement, they find that deceptive CEOs 

use more references to general knowledge, fewer non-extreme positive emotion 

words, and fewer references to shareholder value. My study however looks at “what is 

being said” instead of “how it is being said” (i.e., the actual content).  

Finally, my study looks at news reports, which are more unstructured than analyst 

reports and MD&As and thus harder to decompose into topics. Hence, validating 

LDA can classify corporate news articles into their relative topics. 

The remainder of the thesis is organized as follows: the literature review is discussed 

in section 2, the development of hypotheses can be found in section 3, the machine 
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learning implementation is explained in section 4, the research design is presented in 

section 5, the main empirical results and cross-sectional analyses of the impact of 

social disclosure gap and the cost of equity are located in section 6, and finally, the 

conclusion is in section 7.  

2.    Literature Review 

2.1.      Information asymmetry  

Studies supporting the argument that asymmetries exist include Wiseman (1982), 

which examines the quality of voluntary environmental disclosures made by firms in 

their annual reports and then they associate it with external environmental 

performance measures compiled by Council of Economic Priorities (CEP). The study 

measures 18 items in four categories: economic factors (5 items), environmental 

litigation (2 items), pollution abatement activities (5 items), and environmental 

disclosures that do not fall into the other three (6 items). They observe that though 

companies are reporting to regulatory bodies on a majority of items, they are failing to 

disclose the same information to shareholders. Similarly Dyer et al.  (2017), using 

LDA find that over the period of 1996–2013, 10-K disclosures grew in length, 

boilerplate, stickiness, and redundancy. They define boilerplate as 4-word phrases that 

are common across all firms in a given year and sticky as 8-word phrases that a firm 

has already used in the previous year. This supports the argument that companies are 

not keeping up with increased information needs of investors.  

Studies that report negative consequences of information asymmetry include Huddart 

(2007), a study that examines the relationship between information asymmetry and 

insider trades. Using six proxies from literature: (1) institutional ownership, (2) 

analyst following, (3) book-to-market ratio, (4) the frequency with which the firm 
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reports losses, (5) whether the firm reports research and development (R&D) 

expenditures, and (6) the median absolute abnormal return over past earnings 

announcements, the study finds a statistically significant and positive relationship 

between information asymmetry and insider trades. Similarly, Kazemi and Rehmani 

(2013) study the relationship between informational asymmetry and the cost of equity 

capital. They hypothesize that when there is informational asymmetry, investors 

demand greater risk premium. Using the information from 109 companies, the study 

finds a positive and significant relationship between information asymmetry and the 

cost of equity capital. To proxy for informational asymmetry, the study uses a bid-ask 

spread.  

Dyer et al. (2017) find that 10-K disclosures decreased in specificity, readability, and 

hard information. To measure readability, they use fog index. This finding supports 

survey findings from the State Street Global Advisors (2018) and CFA Institute 

(2017) and explains why investors might prefer getting their information from 

external sources—the difficulty in assessing information in company disclosures. This 

in turn supports the argument that disclosure gap is viewed positively by investors. 

Moreover, studies in the field of business find that information asymmetry positively 

impacts performance, trust, and satisfaction (Gainey & Klaas, 2003; Nayyar, 1993).  

Muslim and Setiawan (2021) find that information asymmetry increases cost of equity 

capital due to agency costs. They proxy for information asymmetry through price 

non-synchronization and trading volume. 

2.2.     Disclosures 

Studies that support the argument that higher disclosures have positive economic 

consequences include Botosan (1997), a study that examines the effect of the level of 
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disclosure on the cost of equity capital. Disclosure is measured by voluntary 

disclosure in annual reports. The sample consists of 122 manufacturing firms. The 

study finds that there is an inverse relationship between the two for firms that have 

low analyst following. For firms with higher analyst following, the study finds that 

the relationship between disclosure level and cost of equity capital does not exist. 

Later, Dhaliwal et al. (2014) narrowed down broad disclosures to just corporate social 

responsibility (CSR) disclosures and studied its impact on cost of equity capital. They 

find that firms that initiate CSR disclosure witness a drop in cost of equity capital. 

Another study, Dhaliwal et al. (2014) examines the association between CSR 

disclosures and cost of equity capital and find that the two are negatively associated. 

The study further finds that the relationship is more pronounced in stakeholder 

associated countries. Mangena et al. (2016) has similar findings, however, the study 

focuses on an even narrower domain of disclosures: Intellectual Capital (IC) 

disclosures. The study examines whether IC and financial disclosures jointly affect a 

firm’s cost of equity capital. Using a sample of 125 UK firms, the study finds that 

there is a negative relation between IC disclosures and the cost of equity capital.  

Studies that find negative consequences of disclosures include Semper and Beltrán 

(2014) who find that there is a positive relation between cost of equity and financial 

risk disclosures (i.e., more disclosure leads to higher cost of equity). This is because 

financial risk disclosures introduce unknown contingencies instead of updating 

information about known risks. Similarly, Plumlee et al. (2015) finds both a negative 

and positive association between some aspects of voluntary environmental disclosure 

quality and a firm’s cost of equity capital. The results differ from previous studies 

because of more refined measure of environmental disclosures and not limiting the 

study to environmentally sensitive industries. This study is a classic example of a 
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study that differentiates between “types” of information. It comes right after Semper 

and Beltrán (2014) argue that the Diamond and Verrachia (1991) stream of literature 

uses a broad-brush approach and does not differentiate between different types of 

information.  

Athanasakou et al. (2020) report mixed findings. They propose a u-shaped relation 

between disclosures in annual reporting and the cost of equity capital. To measure 

disclosures, they use an index based on word count. The study finds that there is a 

negative relationship when disclosure levels are low but a positive relationship when 

disclosure levels are high (owing to information clutter).  

Studies in the ESG domain include Du (2015), Chalwati & Trabelsi, (forthcoming) 

and Weber (2018). Chalwati & Trabelsi (upcoming) use Trucost for a sample of U.S 

firms whereas Du (2015) uses Chinese newspaper rankings of greenwashing.  

Consistent with Easley O’hara, these studies find a positive relation between 

greenwashing and cost of equity capital. Weber (2018) studies the relation between 

information asymmetry for CSR disclosures and the cost of equity capital. Using the 

Global Reporting Initiative (GRI) firm, the study finds a negative relation for firms 

with poor CSR performance and a positive relationship for firms with good CSR 

performance. 

Empirical evidence on the economic consequences of “social washing” is however 

still lacking. 
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2.3.     Machine learning and accounting research 

In qualitative accounting research, the growing amount of textual data has sparked 

enormous impetus to develop models that can automate the task of reading, 

understanding, categorizing, and summarizing large amounts of textual data. Texts 

trained for one discipline however do not transfer well to other disciplines. Loughran 

and McDonald (2011) for example show that word lists developed for other 

disciplines do not work for financial texts. This means new training sets need to be 

developed for each discipline, which can prove expensive. The resulting lack of 

availability of industry-specific labelled data presents a challenge for hungry machine 

learning models. Most methods so far have relied on human engineered features to 

train data. In the field of text summarization, for instance, these features may include 

sentence length, word frequency, nouns, position of certain words, etc. This challenge 

has partly been overcome by advances in unsupervised machine learning techniques 

such as word2vec (Mikolov et al., 2013), GloVe (Pennington et al., 2014), and LDA 

(Blei et al., 2003). From a research standpoint, these techniques offer several 

advantages over manually labelling data. First, they offer a way to systematically 

replicate topic generation, something that manual labelling cannot do because of a 

coders’ subjective judgement. Second, they do not require the specification of rules or 

keywords based on which topics will be identified. LDA discovers the underlying 

taxonomy of topics by fitting a model over the given corpus (Huang et al., 2017). The 

use of deep learning (Cheng & Lapata, 2016) has also been helpful in deriving 

meaningful representation of documents for summarization. Further researchers at 

Google, such as Cer et al. (2018), use transformer architecture and deep averaging 

networks and are experimenting with word embedding models that demonstrate good 

transfer learning to other areas of language processing. Use of LDA in accounting 
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studies shows that unsupervised techniques work for both large text documents 

(Huang et al., 2017) and small texts like tweets from Twitter (Zhao et al., 2011). I 

contribute to this stream of by verifying that LDA works for corporate social news. 

In quantitative accounting research, predicting corporate events (e.g., bankruptcy) has 

been the focus of many machine learning studies. Earlier techniques included 

discriminant analysis and logistic regression. The dedication of researchers and 

practitioners alike has, however, led to the use of more advanced techniques such as 

Support Vector Machines (SVM), decision trees, and neural networks. Min and Lee 

(2005) for example apply SVM to bankruptcy prediction and find that it outperforms 

traditional probabilistic techniques like discriminant analysis and logistic regression. 

Similarly, Tsai and Wu (2008) predict and find that combining multiple classifiers, 

also known as ensemble technique, for bankruptcy prediction outperforms single 

classifiers. The key idea is using multiple classifiers that will overcome each other’s 

weakness. Later, Whiting et al. (2012) use the ensemble technique to investigate 

whether or not it improves fraud prediction. The study includes three different 

ensemble techniques: random forest, stochastic gradient boosting, and rule ensembles. 

Their results show that ensemble models improve performance to the level of 

practical potential. Using gradient boosted decision trees, Bertomeu et al. (2020) 

process a large array of variables from accounting, audit, capital markets, and 

governance to uncover combinations of variables that could help predict 

misstatement. They find that a model that merely uses accounting variables performs 

worse than one that considers accounting variables in combination with audit and 

governance variables. More recently, Hunt et al. (2020) use machine learning to carry 

out propensity score matching. The study uses machine learning techniques to predict 

firms that are likely to make an auditor switch but do not. It then examines if the 
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likelihood of switching impacts audit quality. Their study is motivated by the fact that 

regulators find it concerning that companies can easily decide to switch their auditor if 

the management does not agree with the audit opinion. This compromises audit 

independence and audit quality as a result. Of greater concern is the fact that on many 

occasions, auditors face the threat of replacement which is not obvious because a 

switch does not actually takes place. This results in compromises made by the auditor 

that investors cannot see. Perols et al. (2016) address the two main problems arising 

from imbalanced data, namely, the shortage of fraud observations, and the wealth of 

predictor variables. The first problem is known as the needle in the haystack problem 

and the second is commonly referred to as the curse of dimensionality. The needle in 

haystack problem is common in fraud detection models because of the relatively few 

fraud cases. The curse of dimensionality refers to the fact that as predictor variables 

increase, so does the need for data. To address the needle in haystack problem, they 

show that Observation Undersampling improves prediction. For the curse of 

dimensionality, they show that Variable Undersampling adequately addresses the 

issue and improves prediction. The third contribution they make is by dividing data 

into types of fraud, prediction can be improved. A more recent study, Lahmiri and 

Bekiros (2019) have compared different sub-techniques of artificial neural networks 

to predict bankruptcy. The techniques considered were multi-layer back-propagation, 

probabilistic neural network, radial basis functions, and generalized regression neural 

networks. 

I contribute to this stream by computing values for Social Disclosure Gap using 

machine learning. 
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3.   Development of Hypothesis 
 

Literature devoted to the study of the consequences of disclosure policy on the 

required return of investors can be divided into three streams: estimation risk, 

liquidity risk, and misalignment risk. The stream related to estimation risk contends 

that higher disclosure reduces investors’ estimation risk including payoff distribution. 

Since discount rates reflect the relationship between risk and return, low estimation 

risk translates to low expected return. The stream of literature represented by 

Diamond and Verrechia (1991) argues that making private information available 

improves liquidity, which in turn raises demand from large investors. This is so 

because in the absence of disclosures, traders take cues about the future value of an 

asset from its trading history. And when a large investor tries to dump a significant 

chunk of shares into the market, investors suspect bad news. They will either refuse to 

buy or buy at a deep discount. The result is lower future liquidity for large traders. 

The stream of research represented by Easley and O’Hara (2004) shows that the 

wedge between private and public information leads to higher return demanded by 

investors. The higher return reflects the risk to uninformed investors from trading 

with informed investors. Uninformed investors will hold too little of good stocks or 

too much of bad stocks when there is more private information. As the fraction of 

private information increases, so does the cost of capital. Further, Welker (1995) 

confirms that higher disclosure leads to lower bid-ask spread, a measure of the cost 

the market pays for information asymmetry. 

One related line of theory is about social disclosures. Richardson et al. (1999) argue 

that social disclosures can affect cost of equity capital through reduced information 

asymmetry or estimation risk. But apart from the effects stemming from reduced 
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information asymmetry and estimation risk, they argue that social disclosures can also 

directly influence the cost of equity capital through investor preference effects. 

Investor preference effects result when investors accept lower rate of return in 

exchange for a company’s support for a social cause. This is in line with Green Funds 

and Ethical Investing (e.g., Reyes & Grieb, 1998). This line of thinking also has its 

roots in literature on marketing and organizational behaviour which suggests that 

social marketing lends credibility to firms making them more legitimate in the eyes of 

consumers (e.g., Garrett, 1987; Menon & Menon, 1997). According to this stream of 

literature, consumers “vote” with their money. If a product supports a cause that they 

have an interest in, they will pay more to acquire that product. It is not hard to see 

how the same rationale can be extended to capital markets.  

Another related line of theory has to do with the corporate governance disclosure gap. 

Corporate governance is a set of mechanisms intended to mitigate or eliminate the 

agency problem. Corporate governance mechanisms reduce agency risk by 

monitoring management actions, limiting opportunistic behaviour by managers, and 

improving the flow of information. Robust governance mechanisms therefore keep 

managerial opportunism in check, which creates value for shareholders. Value can 

take the form of improved performance or reduced cost of capital (Ramly & Rashid, 

2010). Various studies have examined the link between corporate governance and 

firm performance and find that firms with better governance perform better. For 

example, Brown and Caylor (2004) find that firms with better corporate governance 

are more profitable, have higher share value, and payout more to shareholders. Using 

a quasi-experiment, Black et al. (2006) find economically important and statistically 

strong correlation between governance and market value. El Ghoul et al. (2011) find 

that firms with better CSR are able to gain access to cheaper equity financing. 
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Disclosure of private governance information should therefore reduce uncertainty 

about the future, which allows for a more accurate prediction of firm value. Bhat et al. 

(2006) argue that governance disclosures reduce uncertainty about future for two 

reasons. First, it provides information about the credibility of insiders who are the 

major source of financial disclosures. Second, it provides information about 

governance structure. Since insiders are the people who drive performance, 

information about governance structure helps analysts form more accurate 

expectations about future performance.  

Topics in news articles can provide valuable information in different ways. Wiseman 

(1982), for example, finds that many companies resort to disclosing very general 

information about their activities. This is true even when it is convenient to obtain and 

disclose information. As an example, they find that even though costs of pollution 

control equipment can easily be obtained from accounting records, many companies 

choose not to disclose it. Another example is information about compliance status, air 

emission, and water discharge. Companies already provide this information to EPA, 

yet very few disclose it. This represents private information. Investors who are privy 

to this information can gain advantage by trading with uninformed investors. This is 

where news sources can be instrumental in teasing out obscure bits of information. As 

argued by Soltes (2014), analysts conduct their own private investigation as well. 

They do this by conducting customer surveys, visiting stores and warehouses, 

analyzing supply chains, and interviewing CEOs and CFOs. Information collected 

from several sources is then analyzed and connected to output a synthesis that is more 

meaningful than the sum of individual pieces of information. Thirdly, analysts 

facilitate investor understanding by interpreting existing information. By adding their 
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own opinions, they help clarify information that already exists (e.g., Chen et al., 2010; 

Ivković & Jegadeesh, 2004).  

Building on the theoretical foundation explained above, I expect that the cost of 

equity capital should be lower for firms with social disclosure gap. I formally state my 

first hypothesis as follows:  

H1a: Ceteris paribus, social disclosure gap is positively related to the cost of equity 
capital 
 

On the other hand, literature on limited attention show that investors forgo important 

information when making economic decisions. For instance, Doyle et al. (2003) find 

that the stock market does not fully appreciate the predictive power of expenses 

excluded from proforma earnings. Similarly, Hirshleifer et al. (2004) demonstrate that 

investors do not optimally use the information conveyed by net operating assets when 

assessing the sustainability of corporate performance. Furthermore, experimental 

studies such as those by Hirst and Hopkins (1998), and Hirst et al. (2004) show that 

analysts’ judgements and valuations are affected by the income measurement method 

(recognition versus disclosure in the footnotes) or the classification of items in the 

financial statements. These studies provide further evidence showing that even experts 

ignore relevant information when making estimations and valuations; otherwise, their 

valuations would not be affected by the classification of information in financial 

statements. Overall, prior research indicates that users tend to focus their attention on 

the most salient and easily processed information, neglecting relevant data. This is 

attributed to limited attention and cognitive processing power (Hirshleifer and Teoh, 

2003). 
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Disclosure theory predicts that managers will disclose good news and withhold bad 

news (Dye, 1985) and that this propensity to withhold information increases with 

uncertainty (Dye, 1985; Jung & Kwon, 1988) and decreases with the level of 

informed investors (Dye, 1998). Empirical research on the economic consequences 

provide mixed evidence. Tucker (2010) tests the reputational cost of withholding bad 

news in the form of a decrease in analyst following. The results document that among 

firms with a similar level of existing disclosure reputation, those that fail to warn 

experience a significant decrease in analyst following relative to those that warn. In 

contrast, Kasznik and Lev (1995) analyze managerial disclosures prior to the 

surprising earnings release. They show that for the bad news firms, the combined 

reaction to the warning and the subsequent earnings announcement is significantly 

more negative for firms that warned investors than the reaction to the earnings 

announcement of the no warning firms. Chen et al. (2011) show that contrary to the 

beliefs of many proponents of earnings guidance and concerns of managers 

contemplating stopping guidance, stoppers do not subsequently experience a 

significant increase in overall return volatility or a decrease in analyst following.  

Another growing field of publications that have received considerable attention in the 

last decade is that of entrepreneurial opportunity. The focal argument of this line of 

literature is that entrepreneurial success depends largely on exploiting market 

imperfections, such as inequal distribution of information. Cohen and Winn (2007), 

for example, argue that information asymmetries provide massive opportunities for 

innovating and creating breakthrough technologies. Private information is an 

undisputed source of advantage that leads to new business models and radical shifts in 

entrepreneurial structures. This is not a new age argument, however. It dates back to 

the discovery view which suggests that value creation is a result of asymmetrical 
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information with regards to the true value of a resource (Knight, 1921; Sarasvathy et 

al., 2003). Kirzner (2000) go so far as to argue that the poorer the information, the 

greater the opportunities to exploit. 

On the basis of all the theoretical arguments and the empirical and experimental 

evidence provided by extant literature, I state the following hypothesis to be tested in 

my study:  

 
H1b: Ceteris paribus, social disclosure gap is negatively associated with the cost of 
capital. 
 

4.   Research Design 

4.1      Sample 

I start by downloading all the firms in Compustat and filtered by the data date (Jan.–

Dec. 2018), status (active), currency (USD), population source (domestic), and 

industry format INDL (i.e., manufacturing, retail, construction, and other commercial 

operations other than financial services). This resulted in an initial sample of 8264 

firms. A further filter to firms with a year-end of December resulted in a sample of 

6624 firms. I further required firms to have a positive book value per share, which 

reduced my sample to 3203 firms. I then merged the financial data of 3203 firms from 

Compustat with analyst forecasts from I/B/E/S, and stock returns from CRSP (Centre 

for Research in Security Prices). I then dropped 8 missing values for the Book to 

Market (BTM) value, 690 missing values for kct (description of the variable in 

Appendix A), 469 missing values for kojn (description of the variable in Appendix A), 

53 missing values for kmpeg (description of the variable in Appendix A), 7 missing 

values of leverage ratio, 33 missing values for Fama–French industry classification, 

137 missing values for forecast dispersion, and 5 observations for negative BTM 
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values. A total of 1801 firms was left for which I downloaded the internal reports (10-

K, 10-Q, and 8-K) and news from Factiva for the year 2018. Table 1 shows the 

summary of the sample selection. 

[Insert Table 1 here] 

4.2       Social disclosure gap (independent variable) 

To calculate social disclosure gap, I downloaded external news and internal 

disclosures for the list of 1801 firms and then used machine learning to compute the 

gap. For external news, I searched for news articles containing the company names on 

my list. I downloaded external news related to these firms from Factiva. For date 

range, I enter in from January	1	to	December	31,	2018. In the search form, I enter 

the cleaned list of companies, roughly 100 at a time, each name separated with an 

“OR”.  For subject, I select the following: Gross misconduct/malpractice 

(corporate/industrial news >> Labor/personnel >> Gross misconduct/malpractice), 

Labor disputes (corporate/industrial news >> Labor/personnel >> labor disputes), 

Workplace discrimination/abuse (corporate/industrial news >> Labor/personnel >> 

workplace discrimination/abuse), Workplace safety/Health issues (corporate/industrial 

news >> Labor/personnel >> Workplace safety/health issues), Securities fraud 

(corporate/industrial news >> Labor/personnel >> Securities fraud), Lay-

offs/redundancies (corporate/industrial news >> Labor/personnel >> Lay-

offs/redundancies), Shareholder Activism (corporate/industrial news >> 

Environmental/Social/Governance >> Corporate Governance >> Shareholder 

activism), and Class Action Lawsuit (corporate/industrial news >> Labor/personnel 

>> Class Action lawsuit). For region, I select United States. For duplicates, I select 

Off (i.e., duplicate content from different publishers will not be removed).  
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The sample for internal disclosures consists of 8-Ks, 10-Ks, and 8-Qs. I downloaded 

them from Intelligize (Intelligize >> SEC Filings). For 10-Ks, the identifier I use is 

the CIKs that I obtained from Computstat. I enter the 1801 CIKs in the company list 

and select the “Main filer” option. For the date, I chose from January 1 to December 

31, 2019. I select “exclude” for amendments. For the report, I selected the 10-K 

statements.  For 10-Qs, I enter 04/01/2018 to 03/31/2019 for date. For 8-K’s, I 

selected from January 1 to December 31, 2018as my date. 

Before applying the LDA, there are several steps taken to clean up my text. I first 

make 4 sets of documents: Factiva 10-K, Factiva 10-Q, and Factiva 8-K. The presence 

of Factiva articles in each set serves as a seed and helps highlight my topics of 

interest. The data of each set is balanced to ensure proportional representation in the 

textual pool. Balancing allows news articles (which are usually smaller than company 

reports) to have an equal chance of representation. I run each set through a series of 

pre-processing steps to prepare my textual data for LDA analysis. First, files in each 

set are read by an algorithm and tokenized. Tokenizing refers to splitting up the body 

of text into words. Then, using an algorithm, I convert all words to lower case and 

remove stop words. Stop words are high-frequency words that do not add meaning to 

a sentence. Moreover, these words are deictic in nature and need to be read in context 

to be fully understood. Examples of such words include “this,” “of,” “the,” “there,” 

and “is.” Removing these words also ensures that the difference between the thematic 

content of news reports and company disclosures are not merely due to language 

style. Then the text is stemmed using an algorithm. Stemming is the process of 

reducing words to their morphological variants. For example, reducing the word 

“created” to the word “create.” All of this pre-processing serves to reduce the 

computational burden of the algorithm and improve the interpretability of topics. The 
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clean data is first stored as Python objects in a random-access memory (RAM). It is 

then serialized (i.e., converted into byte stream and saved to disk in binary format). 

Some of the Python objects that are stored as binaries are dates, document names, 

company names, number of words, and clean text. Each set has its own binary folder. 

To convert Python objects into binary format, I use pickling. Pickling helps convert 

various data types such as booleans, strings, tuples, lists, and dictionaries to byte 

stream. For each set, these binaries are retrieved as objects and the texts are assigned 

unique IDs using a dictionary object in Python. A dictionary object maps each word 

to a unique ID. Using the dictionary, I then create a Bag of Words (BOW) corpus. A 

corpus basically maps each word ID to its frequency in each document. It is a 

document vector of shape [num_documents × num_terms]. It is the equivalent of a 

document-term matrix. I then take the object representation of corpus and store it as a 

market matrix file to my disk to be used later for topic modelling. 

To identify topics, I use LDA, which was developed by Blei et al. (2003). LDA 

closely resembles how humans write documents. Specifically, LDA assumes that each 

document has a distribution over topics and each topic has a distribution over words. 

Document generation takes place in two stages. First, a topic is randomly chosen 

based on the document-topic distribution. Then, a word is randomly chosen using a 

topic-word distribution. These steps are repeated one word at a time until a document 

is generated. LDA fits a generative model to the documents to find the most optimal 

set of latent topics. This emulates how a human would write a document. Topics have 

a probabilistic mapping to the documents. Topics with high probability are discussed 

more frequently than topics with low probability. Each topic in turn has a probabilistic 

mapping over words. Words with high probability in a topic appear more heavily in 

that topic. It is worth noting, however, that high probability in one topic does not 



	 	 	
	
	

26	
	
	

preclude a word from having high probability in another.  Essentially, LDA reduces 

feature dimension by reducing words to topics based on word co-occurrences. This 

can be compared to statistical techniques like clustering and factor analysis that are 

used for quantitative data. Clustering as a method of dimensionality reduction 

however takes a hard approach to consolidation. For example, k-means clustering 

would divide topics into disjoint clusters. This means each word can belong to only 

one cluster. LDA allows for fuzzy memberships, which means one word can belong 

to multiple topics. 

To introduce the mathematical notation for LDA, let P(z) be the distribution over 

topics z for a document and P(w | z) be the probability distribution over words w given 

topic z. Generation of each word wi in a document (i being the ith word token) 

happens by first sampling a topic from the topic distribution and then sampling a word 

from the topic-word distribution. Then the probability that topic j was sampled for wi 

can be expressed as P(zi = j) and that probability with word wi under topic j can be 

written as P(wi | zi = j). The resulting distribution over words within a document can 

mathematically be expressed as follows: 

! !! = ! !!|!! = !  !(!! = !)!
!!! , 

 

where, 

T is the number of topics, 

P(z) is the distribution over topics z in a particular document, 

P(wi | zi = j) is the probability of word wi under topic j, and 

P(zi = j) is the probability that the jth topic was sampled for the ith word token. 

 

The probability density function of the Dirichlet distribution can be written as: 
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The parameters αj represents the count for the number of times topic j is sampled in a 

document. This is a prior observation (i.e., the count before having observed any 

actual words from the document). The parameter can be adjusted individually for each 

topic but for the purpose of this study, a single hyperparameter α (α1 = α2=…= αT = α) 

is used resulting in a symmetric Dirichlet distribution. When a prior is placed, the 

result is a smoothed topic distribution, with the amount of smoothing determined by 

the value of α. The higher the α, the more the smoothing. The lower the α, the more 

the pressure to create topic distributions with just a few topics.  

Similarly, a symmetric Dirichlet prior, β is placed on the distribution. The 

hyperparameter β represents the count for the number of times words are sampled 

from a topic. Again, this is a prior observation. The result is a smooth word 

distribution for every topic with the amount of smoothing determined by β. Suitable 

values for α and β depend on the number of topics and vocabulary size. Previous 

research has discovered that α =50/T and β = 0.01 works well with most text 

collections.  

Using the principles of Gibbs sampling, LDA sets up a Markov chain that converges 

to posterior distribution (i.e., word-topic assignment). In other words, it re-assigns 

probabilities by looking at the actual distribution. Probability assignments are higher 

for words that don’t break documents (i.e., words that co-occur in a document are 

more likely to be assigned to the same topic). Mathematically, for each document d, it 

cycles through each word w and computes for each topic t: p (topic t | document d) 

and p (word w | topic t) where (topic t | document d) is the proportion of words in 
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document d that are currently assigned to topic t and p (word w | topic t) is the 

proportion of assignments to topic t over all documents that come from the word w. 

The word w is then re-assigned with probability for topic t with the new probability 

being p (topic t | document d) × p (word w | topic t). This is an iterative process that 

keeps going until a stable state is achieved. 

LDA requires tuning three main parameters for the model. The number of assumed 

topics, the !, and the !. For the purpose of this study, I set both α and β to auto to 

allow the algorithm to automatically learn the two parameters based on the number of 

topics set. Setting the right number of topics is therefore of paramount importance in 

LDA because it affects the α and β parameters and eventually the interpretation of the 

results. If set too low, you will get topics that are broad and ambiguous. If set too 

high, you will get topics that are economically meaningless. To determine the 

optimum number of topics, I use intuition, hit, and trial. I tune the number of topics 

for each set until I get topics that make most sense. I find that setting 400 topics for 

each set gives me the most economically sensible topics.  

LDA outputs a cluster of words for each topic along with the probability distribution 

of the stream of words. To put it mathematically, the topic representation takes the 

form of a matrix of dimension [num_topics × num_words]. Using this matrix, LDA 

then assigns each sentence in each document to be the most likely topic. To do this, it 

sums up the probability assigned to words in a sentence for each topic and then picks 

the topic with the highest probability. I manually read the probability words in each 

cluster and based on the corresponding sentences in each document, I assign a latent 

topic to each cluster. I then pick out ten topics of interest that are present among all 

four sets of data. My (latent) topics of interest and their clusters are presented in the 



	 	 	
	
	

29	
	
	

Table 2. I skip words that did not add to semantic meaning of the topic in order to get 

a more accurate representation of the topic. 

I provide several validation tests for the topics generated by LDA. Following Quinn et 

al. (2010), Atkins et al. (2012), and Bao and Datta (2014), I first manually read the 

high-probability words in each topic and compare them with the corresponding 

sentences in the documents to come up with an intuitive label for the latent topic. The 

results in Table 2 confirm that LDA is able to discern the underlying economic 

content of the topics. For example, the frequent appearance of words “class,” 

“action,” “lawsuit,” “court,” “plaintiff,” “defend,” “motion,” “attorney,” and “motion” 

in a topic suggests that the topic is related to class action lawsuits. The frequent 

appearance of the words “securities,” “fraud,” “mislead,” “statement,” “insider,” 

“trading,” “penalty,” “lawsuit,” “SEC” in a topic suggests that the topic is related to 

“securities fraud.” The frequent appearance of words “accident”, “injury”, “claim”, 

“risk”, “health”, “safety”, “training”, “employee”, suggests that the topic is related to 

health and safety issues. The frequent appearance of the words “employee”, “strike”, 

“union”, “downtime”, “walkout”, “negotiate” suggests that the topic is related to 

employee disputes. The results also validate the effectiveness of LDA in identifying 

semantically similar words and grouping them as the same topic. The appearance of 

semantically related words “stock” and “share” are one example. Another example is 

the appearance of semantically related words “revenue,” “sales,” and “income.” The 

appearance of semantically related words “expect” and “anticipate” is another 

example. Finally, my results verify that LDA recognizes the polysemy of words by 

assigning the same word to multiple topics. The word “interest,” for example, is 

related to both “financial performance” and “agreements.” 
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[Insert Table 2 here] 

 

In my second validation test, following Huang et al. (2017), I associate the temporal 

similarity in topics discussed with economy-wide events. Specifically, I look at the 

topics in 8-Ks in the first half of 2018 and political events preceding the period. I find 

a reliable relation between the appearance of certain topics and political events in the 

preceding year (i.e., 2017). For example, between January 2018 and June 2018, the 

appearance of topics labeled “New tax reform” and “California Wildfire” allude to 

two major events that happened in 2017—namely, the Northern California wildfires 

and Tax Cuts and Jobs Act of 2017. The Tax Cuts and Jobs Act was passed by the US 

Congress on December 20, 2017, and signed into law by President Donald Trump of 

the United States on December 22, 2017. It is therefore no wonder that companies are 

publishing a summary of the new law that replaces the previous one and discussing its 

implications for the company. The wildfire topic relates to a series of 250 wildfires in 

Northern California in October 2017 that burned at least 245,000 acres, according to 

Wikipedia (n.d).  

Then, for each firm, I assign a disclosure gap score. For a given firm, the gap score is 

0 when either: 

 (1) The firm disclosed the topic internally (10-K, 10-Q, 8-K) and the topic appeared 

in news as well, 

 (2) The firm disclosed the topic internally (10-K, 10-Q, 8-K) and the topic did not 

appear in news, or 

 (3) The topic is neither internally disclosed nor in news. 
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The gap score is 1 when the firm did not disclose the topic internally, but the topic 

appeared in news. 

The dummy gap score is 0 for a firm when the gap score for all 10 topics is identified 

as 0. If for any of the 10 topics, the gap score is 1, the firm is classified as 1 (gap) for 

the purpose of dummy gap score. 

The variable “Overall gap” takes discrete values from 1 to 10. It is measured as the 

number of gap topics.  

Table 3, Panel A provides the mean, standard deviation, minimum, maximum, p1, 

p99, skew, and kurtosis of the gap score of individual topics of interests, as well as the 

overall gap and dummy gap. The table reveals that the overall gap score for firms 

varies from 0 to 10, whereas the dummy variable varies from 0 to 1. The mean for 

overall gap score is 1.721 and the mean for the dummy is 0.394. This indicates that 

there are more non-gap firms than gap firms. The same trend is true among individual 

topics as well. Skewness for all variables is roughly between 2 and −2 which makes 

the data suitable for parametric models. 

4.3.      Cost of equity capital (dependent variable) 

Unlike the cost of debt, which can be ascertained from financial statements, the cost 

of equity values is implied. Various models with different underlying assumptions and 

time horizons are used to imply these values. Each model has its strengths and 

weaknesses, which has resulted in a lack of consensus on the most reliable forecasting 

model. The most commonly used methods are the residual income model (e.g., 

Ohlson, 1995; Claus & Thomas, 2001; Gebhardt et al., 2001) and abnormal earning 
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growth model (e.g., Easton, 2004; Ohlson & Juettner-Nauroth, 2005; Botosan et al., 

2011). 

For my study, I use two applications of the Ohlson (1995) residual income valuation 

model, the abnormal earnings growth model of Ohlson and Juettner�Nauroth (2005), 

and the Price Earnings Growth (PEG) model that was employed by Easton (2004). 

Each of these applications estimate the internal rate of return that equates the 

forecasted future earnings to the current stock price. These models are based on the 

principle that a firm’s future earnings estimates adjusted to compensate for the cost of 

equity, determine the current market value of the firm. Following Hail and Leuz 

(2006), I also compute an average measure of these four models. Appendix B 

provides details on the implementation of the four models. 

The Claus and Thomas (2001) and Gebhardt et al. (2001) approaches use the residual 

income to estimate the cost of equity capital. Their model is a factor of multiple 

exogenous variables such as long-term rate of interest, dispersion of analyst cash flow 

forecasts, BTM ratio, and industry characteristics. Many of these measures are steady 

over the long-term time horizon and can therefore be valued ex-ante. This makes them 

a good estimator of perceived business risk. An assumption of this model is clean 

surplus accounting (Ohlson, 1995). For forecasted residual earnings, the model uses a 

forecast period of five years after which growth is assumed to continue at the 

expected rate of inflation. The dividend payout is assumed to be at 50%. The 

valuation equation is as follows: 

Pt = Bt +  !"!!!
!!!!" !

!
!!!  + !"!!! !!!

!!"!! !!!!" !,  (A.1) 

where: 

• aet + τ = FEPSt + τ − kctBt + τ − 1, 
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• Bt + τ = Bt + τ − 1 + FEPSt+τ (1 − DPRt + τ), 

• DPRt + τ = 0.5, 

• g = rf – 0.03. 

Claus and Thomas (2001), Gebhardt et al. (2001) and Easton et al.(2002), instead of 

using historical returns, use a model for corporate valuation to estimate cost of equity 

capital. This model uses clean surplus accounting too, allowing share prices to be 

expressed as a function of ROE and book values. Forecast period for this model is 

however set to 3 years instead of 5, after which the ROE gradually drops to median 

industry ROE by year 12 and thereafter stays there. For industry classification, Fama 

French (1997) is used. Dividend stream is assumed to be constant. The model is given 

by: 

Pt = Bt + !"#$!!!!!!"#
!!!!"# !

!!
!!!  Bt+τ-1 + !"#$!!!"!!!"# 

!!"# !!!!"# !!  Bt+11 (A.2) 
where: 

• FOREt + τ = forecasted return on equity for year t + τ, 

• Bt + τ = Bt + τ − 1 (1 – DPRt + τ), and  

• DPRt + τ = expected dividend payout ratio in year t + τ. 

 

The Ohlson and Juettner-Nauroth (2005) model based its estimate of the cost of 

equity capital on abnormal earnings growth. The model is basically a generalized 

form of the Gordon constant Growth model. Using a 1-year forecast horizon, the 

model expresses stock prices in terms of earnings forecasts. After year 1, earnings are 

assumed to grow at a near-term rate, eventually leveling off to a perpetual rate. I, 

however, follow Gode and Mohanram’s (2003) implementation where near-term 

growth is expressed as the average of (1) the difference between 2-year and 1-year 
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forecasts expressed as percentages, and (2) the I/B/E/S long-term growth forecast. For 

perpetual growth, the expected rate of inflation is used. 

The model is expressed as: 

KoJ = A + !! +  !"#$!!!!!
 (!! − ! − 1 ) (A.3) 

where: 

• A = !! ( ! − 1  + !"#!!!!!!
) 

• DPSt+1 = DPS0 
• g2 = !"#!!"#!  

• STG = !"#$!!!! !"#$!!!
!"#$!!!

 

• ! − 1  = rf – 0.03 

 

The Ohlson and Juettner-Nauroth (2005) model is further extended by the PEG model 

by Easton (2004) and uses current prices, expected dividends and earnings estimates 

to estimate cost of equity capital. The forecast horizon used by this model is 2 years. 

The model s given by the following equation: 

Pt = !"#$!!!! !!"!"#!!!! !"#$!!!
!!"!

 (A.4) 

where: 

DPSt + 1 = DPS0 

In this study, following Hail and Leuz (2006), I average value of the measures rCT, 

rGLS, rMPEG and rOJN as follows: 

r!" =
r!" + r!"# + r!"#$ + r!"#

4  

Table 3, Panel B provides the mean, standard deviation, minimum, maximum, p1, 

p99, skew, and kurtosis of the different measures of the (winsorized) cost of equity 
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capital developed by Claus and Thomas (2001), Easton (2004), Gebhardt et al. (2001), 

Ohlson and Juettner-Nauroth (2005). COE is the average implied cost of equity 

premium obtained from four models. The mean value of the average of the four 

individual estimates is at 10%. Among the individual estimates, the mean of Kmpeg is 

slightly higher than the other three estimates. Skewness ranges from 1.8 to 3.2, which 

indicates that the data is reasonably normal, making it suitable for parametric models. 

4.4       Control variables 

Literature suggests that cost of equity capital is correlated with several variables 

including beta (Beta), leverage, and BTM value  (i.e., Botosan et al., 2004; Botosan & 

Plumlee, 2005; Dhaliwal et al., 2005; Easton, 2004; Gebhardt et al., 2001; Gode & 

Mohanram, 2003; Hail & Leuz 2006). Table, 3 Panel C provides the mean, standard 

deviation, minimum, maximum, p1, p99, skew, and kurtosis of winsorized beta, 

leverage, and BTM value. Results show that the skew is within an acceptable range, 

which makes these variables appropriate for the inclusion in my regression model. 

[Insert Table 3 here] 

4.5.     Univariate tests 

I run a t-test to compare the mean cost of equity on the capital of firms with a gap 

versus firms without any gap. The mean for firms without any gap is 0.103 and the 

mean for firms with a gap is 0.097. The difference is statistically significant at the 1% 

level. I also compare the cost of equity capital for three of the individual cost of 

equity models and find similar results. Table 4 compares means for the average 

(winsorized) COE and the cost of equity capital from the four models developed by 
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Claus and Thomas (2001), Easton (2004), Gebhardt et al. (2001), and Ohlson and 

Juettner-Nauroth (2005). These are denoted by kct, kmpeg, kgls, and kojn respectively. 

[Insert Table 4 here] 

4.6.      Pairwise correlation 

Table 5 provides correlations between the average COE and the overall gap, dummy 

gap, gaps for individual topics, and control variables. Results show that there is a 

negative relation between the cost of equity capital and the gap score (both overall 

gap and dummy gap). The correlation with the dummy gap score is significant at 10% 

level. This is consistent with the limited attention hypothesis. Moreover, the control 

variables are all positively associated with the cost of equity capital, which is 

consistent with the previous literature. 

[Insert Table 5 here] 

5.    Empirical Measures, Tests, and Results 

5.1.      Regression analysis 

To examine the relation between the cost of equity capital and the disclosure gap, I 

first regress the average of the four individual estimates of COE on the social 

disclosure gap without including control variables. After controlling for industry fixed 

effects, the relation is negative and statistically significant for both, gap_extent and 

Gap (Y_N). This relationship stays negative and statistically significant after 

including control variables Beta, Leverage, and BTM value. Table 6 shows the results 

of the regression. Economically speaking, these results show that for one standard 

deviation change in social disclosure gap (Gap_Extent), the cost of equity capital 
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drops 5 basis points on average. It drops 1 basis point on average for Gap (Y_N). 

These results support hypothesis H1b, which contends that there is a negative relation 

between the cost of equity capital and social disclosure gap. 

[Insert Table 6 here] 

 

5.2.      Robustness to alternative measures of cost of equity capital 

To rule out the possibility that accounting valuation models are driving my results, I 

use alternative measures for the cost of equity capital. To do this, I replace COE in my 

baseline model with the four individual estimates of the cost of equity capital. Three 

out of the four estimates of the cost of equity capital are significantly negatively 

related to the dummy social disclosure gap. For overall gap, I use three additional cost 

of equity estimates, making it a total of seven. Kpeg is the price earning growth model 

with zero dividend payments as its assumption. It uses short- and long-term earnings 

forecast for calculations. Kgg is the finite horizon Gordon and Gordon (1997) model. It 

is estimated in June of each year and it subtracts the rate on a 10-year treasury note. 

Five of the seven estimates of cost of equity capital are significantly and negatively 

related to the overall social disclosure gap. Tables 7 and 8 summarize the results. 

[Insert Table 7 here] 

[Insert Table 8 here] 

5.3.      Robustness to different social disclosure gaps 

To further ensure that my results have no alternative explanations, I regress COE on 

different social disclosure gap among the 10 different topics. These topics are 

shareholder activism, discrimination/harassment, securities fraud, health and safety, 
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insider trading, employee benefits, gender pay gap, layoffs, and labour disputes. COE 

is the average of four models developed by Claus and Thomas (2001), Gebhardt et al. 

(2001), Ohlson and Juettner-Nauroth (2005), and Easton (2004). Table 9 shows that 

except for the insider trading topic, COE is still negatively related to each topic.  Two 

of these regressions, namely class action lawsuit and health and safety are significant 

at the 1% level.  

[Insert Table 9 here] 

5.4.      Robustness to analyst forecast sluggishness 

Previous studies have criticized that analyst forecasts are not accurate. For example, 

Guay et al. (2011) find that the analysts’ earnings forecasts are sluggish in 

incorporating information in recent stock returns. This can result in biased estimates 

of the cost of equity capital. To address this concern, I regress COE on an overall gap 

with three different models, each controlling for price momentum. Price momentum is 

obtained by compounding returns over the past 3, 6, and 12 months. Results found in 

Table 10 show that that the relation between COE and the overall gap is still negative 

for each model. Moreover, it is statistically significant for Models 1 and 2 at the 10% 

and 5% level respectively. The results, therefore, still strongly support my earlier 

conclusions. 

[Insert Table 10 here] 

5.5.      Channels through which social disclosure gap maps onto the cost of equity 

I do a cross-sectional variation for the relation between the cost of equity capital and 

social disclosure gap and examine how this relation varies when customer awareness 

and product market competition are considered. These tests are important because 
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they help address concerns of endogeneity (i.e., an omitted variable that might be 

affecting both the cost of equity capital and the social disclosure gap). The 

consistency of results found among different tests ensures that there are not any 

alternative explanations. 

I calculate customer awareness as advertising expense divided by sales revenue. 

Results in Table 11 show that the negative relation between the cost of equity capital 

and the social disclosure gap is more pronounced when customer awareness is high. 

This is supported by Servaes and Tamayo (2013), who show a positive relation 

between CSR and the firm value when customer awareness is high but show a 

negative relation when the customer awareness is low. 

[Insert Table 11 here] 

I calculate product market competition using HHI (Herfindahl–Hirschman Index), 

which is commonly used to measure the market concentration. Results in Table 12 

indicate that when product market competition is high, the negative relation between 

the social disclosure gap and the cost of equity capital is less pronounced. This is 

consistent with results in Yen et al. (2015), who show that firms in competitive 

industries disclose higher quality narrative information, whereas firms in concentrated 

industries disclose lower quality narrative information. 

[Insert Table 12 here] 

5.6.      Dropping industries 
 
I further check for robustness by excluding dirty industries to see if the results still 

hold. I define “dirty” industries as oil, gas, mining, and chemical industries since 

these have a reputation for environmental harm, and thus a higher cost of equity 
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capital. Table 13 shows the results. I find that after excluding the dirty industries, the 

negative relation between the cost of equity capital and the social disclosure gap is 

still negative and is significant at a 1% level. Past research also shows that there is a 

direct relation between firm-level cost of equity and industry-level cost of equity 

(Gebhardt et al., 2001). I therefore also put in a control for a median industry risk 

premium. I find that the negative relation between the social disclosure gap and the 

cost of equity still holds and is significant at the 1% level. In addition, I drop financial 

industries to see if the results still hold. According to the BIS Quarterly Review, very 

few studies provide estimates of the cost of equity for capital of financial institutions 

because of factors that make the financial industry different (i.e., leverage, taxes, etc.). 

I find that the relation between the social disclosure gap and the cost of equity is still 

negative and significant at the 5% level. 

 

[Insert Table 13 here] 

6.   Conclusion 
 

This study examines the relationship between the social disclosure gap and the cost of 

equity capital. I hypothesize that ceteris paribus, firms that are not as forthcoming as 

a third-party provider of social disclosure may suffer from a higher cost of equity 

capital (e.g., information risk argument) or enjoy a lower cost of equity for being 

silent (e.g., limited attention argument). Using a sample of 1801 US firms for the year 

2018 and after controlling for other firm-specific determinants, as well as industry 

fixed effects, I find that the social disclosure gap is negatively and significantly 

associated with the cost of equity capital. The empirical results are consistent with the 

limited attention arguments. The findings are also consistent the result of a survey 
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conducted by the CFA Institute (2017) and State Street Global Advisors (2018). Even 

though I placed a control for multiple risk factors in my main regression model and 

performed additional tests, which aimed to control for correlated omitted variables, I 

found that the results still hold. 

The findings contribute to the debate on the assessment of social disclosure and if it is 

priced by showing that the market participants cannot capture the social disclosure 

gap and hence does charge lower cost of equity capital. To the best of my knowledge, 

this is the first study examining the relationship between the cost of equity capital and 

the social disclosure gap. This examination is critical as it sheds light on how the 

market values the social disclosure gap, and there is yet little consensus on how to 

measure and identify social disclosure gap. As well, limited and imperfect 

information about the firms’ social activities contribute to exacerbating the adverse 

selection problem and therefore affects the cost of capital. Finally, while prior 

research highlights the importance of the social performance for firm valuation and 

the access to external investment, this research suggests that the social disclosure gap 

is also important to firms as it has the power to explain a firm’s cost of equity beyond 

other risk factors. 

The findings in this also have several practical implications. First, while we show that 

the social disclosure gap is beneficial to firms, it is costly to society and investors 

alike in that it does not penalize the firms’ silence on social disclosure. Second, social 

disclosure is also a concern to policymakers and standards setters. The findings of this 

paper support recent concerns that competing frameworks, absence of a standard, 

measurement uncertainty, different measures of materiality, inconsistent reporting 



	 	 	
	
	

42	
	
	

methods, boilerplate language, and comparability are a number of challenges among 

others hindering the widespread adoption of ESG reporting.  

6.1     Further research needs 
While this paper provides the most comprehensive evidence on the effect of social 

disclosure on the cost of equity capital, several topics are critically needed in future 

research. For example, this study can be extended internationally by using a global 

sample. Using an international sample across many industries that are headquartered 

in 45 countries, Marquis et al. (2016) find that the culture is an important driver of 

selective disclosure and that firms in countries where they are more exposed to 

scrutiny and global norms have lower environmental disclosure gap. Thus, it would be 

interesting if one investigates cross-country and cross-culture variations in the 

relationship between the social disclosure and the cost of equity, as well as  by 

extending the development of a more refined measure of the social disclosure gap that 

takes textual sentiments into account. Finally, my study can be extended by 

examining the interaction effect of the social disclosure with the other legs of the ESG 

umbrella. As pointed out by CPA Canada (2021), change to one leg of ESG can affect 

the other legs. For instance, a move towards carbon-cutting can have more visible 

social consequences in the carbon-intensive industries. 
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Appendix A: Variable Definitions 

 

Variable Name Definition 
Dummy A dichotomous variable that takes 0 for no social disclosure gap 

and 1 for the gap score 

Overall gap Takes continuous values from 1–10, 0 being no gap for any topic 

and 10 being gap for each of the 10 social disclosure topics. 

Dependent Variables  

kGLS Implied cost of equity capital estimated from the Gebhardt et al. 

(2001) model 10 months after the fiscal year-end. 

kCT 

 
Implied cost of equity capital estimated from the Claus and Thomas 

(2001) model 10 months after the fiscal year-end. 

kOJN Implied equity premium capital estimated from the Ohlson and 

Juttner-Nauroth (2005) model 10 months after the fiscal year-end. 

kMPEG Implied cost of equity capital estimated from the Easton (2004) 

model 10 months after the fiscal year-end. 

COE Average cost of equity premium of kGLS, kCT, kOJN, and kMPEG. 

Control Variables  

BETA Beta estimated using an international version of the market model 

with stock returns over the previous 12 months.   

LEV Leverage ratio defined as the ratio of long-term debt to total assets. 

BTM Ratio of the book value to the market value of equity. 

Variables for Robustness Tests  

Kpeg Implied cost of equity capital from Price-Earnings-Growth (PEG) 

model which assumes no dividend payments to estimate the equity 

premium using short-term earnings forecasts and longer-term 

forecasts. 

Kgg I estimate the cost of equity from the finite horizon using the 

Gordon and Gordon (1997) model estimated in June of each year 

minus the rate on a 10-year treasury note. 

HH_index Herfindahl–Hirschman Index, measured as the sum of squared 

market shares of all firms in the industry. 
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Appendix B: Variables and Assumptions 
Pt = stock price in June of year t, 

DPS0 = actual dividend per share in year t − 1, 

EPS0 = actual earnings per share in year t − 1, 

LTG = long-term growth forecast in June of year t, 

FEPSt + s = forecasted earnings per share for year t + τ recorded in June of year 

t, 

Bt = book value per share at the beginning of year t, 

rf = yield on a 10-year Treasury note in June of year t. 

To calculate cost of equity, I require firms to have positive 1-year-ahead (FEPSt + 1) 

and 2-year-ahead (FEPSt + 2) earnings forecasts as well as a long-term growth forecast 

(LTG). However, two of my four models call for the use of earnings forecasts beyond 

the second year. If a forecast is not available in I/B/E/S, I impute it from the previous 

year’s forecast and the long-term growth forecast as FEPSt + s = FEPSt + s (1 + LTG) 
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Tables 
	
Table 1: Sample Selection Procedure 	

Compustat limited by year (2018), status (active), Currency (USD), 
population source (domestic), and industry format INDL, Year end: 
December, and positive book value per share 

3203 

Dropped  
 Missing book to market values 8 
 Missing kct 690 
 Missing kojn 469 
 Missing kmpeg 53 
 Missing debt to asset ratio (leverage) 7 
 Missing Fama–French 12 classes 33 
 Missing forecast dispersion 137 
 Negative book to market value 5 
Final sample 1801 
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Table 2 Topics of Interest 
Topic Label Top Keywords 

Class action lawsuit Class, action, litigation, lawsuit, file, attorney, 
plaintiff, complaint, suffer, loss 

Shareholder activism 
Shareholder, investor, activist, company, board, fund, 
proxy, target, invest, vote, strategy, discuss, propose, 
demand, control, seek, criticize, pressure 

Discrimination/harassment 
Discrimination, allege, complaint, hire, age, job, 
women, investigate, action, accuse, harass, sexual, 
report, conduct, employee  

Securities fraud 
SEC, securities, fraud, charge, investigate, investigate, 
case, federal, officer, attorney, mislead, false, 
statement 

Health and safety/injury Safety, health, worker, injury, accident, protection, 
hazard, risk, incident, death 

Insider trading Insider, trade, information, benefit, friend, gift, ethics, 
trial, jury 

Employee raises/bonuses Wage, job, employee, bonus, worker, increase, pay, 
benefit, raise, minimum, hourly 

Gender pay gap Women, pay, gender, diversity, gap, female, male, 
equal, right 

Layoffs Layoff, close, plant, shut, down, reduction, workforce, 
temporary 

Labour disputes Worker, union, strike, job, labour, pay, negotiate, 
wage, bargain, represent 
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Table 3: Descriptive Statistics (N = 1801) 
Panel A 
Variables Obs Mean Std. Dev. Min Max p1 p99 Skew Kurtosis 
Overall gap 1801 1.721 2.718 0 10 0 10 1.517 4.169 
Dummy gap 1801 0.394 .489 0 1 0 1 .435 1.189 
Class action lawsuit 1801 0.211 .408 0 1 0 1 1.417 3.007 
Shareholder activism 1801 0.159 .366 0 1 0 1 1.867 4.486 
Discrimination/ 

harassment 
1801 0.249 .433 0 1 0 1 1.159 2.343 

Securities fraud 1801 0.193 .395 0 1 0 1 1.554 3.415 
Health and safety 1801 0.147 .354 0 1 0 1 1.992 4.969 
Insider trading 1801 0.102 .303 0 1 0 1 2.627 7.902 
Employee benefits 1801 0.203 .402 0 1 0 1 1.479 3.188 
Gender pay gap 1801 0.127 .333 0 1 0 1 2.246 6.044 
Layoffs 1801 0.124 .33 0 1 0 1 2.276 6.182 
Labour disputes 1801 0.205 .404 0 1 0 1 1.458 3.126 
Panel B 

BTM = Book to Market value; COE = cost of equity premium.  
Notes: Panel A reports descriptive statistics for the overall gap score, the dummy gap score, and 10 individual topics. Overall gap 
takes a discrete value between 1 and 10 and is measured as the number of times there was a gap score for a firm for each of the 10 
topics. Dummy gap is a dummy variable, which is 1 if any topic for a given firm has a gap score of 1. It is 0 otherwise. Panel B 
reports the descriptive statistics for the regression variables for the 1801 observations for the year 2018. It provides the mean, 
standard deviation, minimum, maximum, p1, p99, skew, and kurtosis of the control variables and the individual cost of equity 
estimates developed by Claus and Thomas (2001), Easton (2004), Gebhardt et al. (2001), and Ohlson and Juettner-Nauroth (2005). 
These are denoted as kct, kojn, kmpeg, and kgls respectively. Panel C represents descriptive statistics for the control variables used in 
this study, namely, beta, leverage, and Book to Market value. Beta is calculated by regressing 60 monthly excess stock return 
values on the weighted index returns using CRSP (Centre for Research in Security Prices). Leverage is calculated by dividing debt 
with equity. 

COE 1801 0.101 0.049 0.022 .5 0.033 0.266 1.89 9.156 
kctw 1801 0.092 0.064 0.008 .652 0.011 0.321 3.278 22.625 
kojnw 1801 0.11 0.054 0.033 .39 0.038 0.323 1.831 7.772 
kmpeg 1801 0.117 0.062 0.033 .396 0.033 0.351 1.802 6.934 
kgls 1801 0.085 0.038 0.01 .603 0.017 0.199 2.209 23.25 
Panel C          
Beta 1801 1.161 0.584 -.434 3.626 0.024 2.786 0.542 3.777 
Leverage 1801 0.228 0.193 0 0.975 0 0.719 0.589 2.604 
BTM 1801 0.652 0.484 0.011 3.3 0.035 2.483 1.899 9.119 
          
          
Leverage 1801 0.228 0.193 0 .975 0 0.719 0.589 2.604 
BTM 1801 0.652 0.484 0.011 3.3 0.035 2.483 1.899 9.119 
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Table 4: Univariate Tests 

COE = cost of equity premium. Notes: This table reports the means for gap and no gap for the average cost of 
equity capital and the individual estimates developed by Claus and Thomas (2001), Easton (2004), Gebhardt et al. 
(2001), and Ohlson and Juettner-Nauroth (2005). These are denoted as kct, kGLS, kOJN, and kMPEG respectively. 
* Statistical significance 10% level. 
** Statistical significance at the 5% level. 
*** Statistical significance at the 1% level. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Means N COE kCT kOJN kMPEG KGLS 
0 (No gap) 1092 0.103 0.094 0.113 0.120 0.0865 
1 (Gap) 709 0.097 0.088 0.105 0.111 0.0860 
Difference (0)–(1)  0.006*** 0.006*** 0.007*** 0.009*** 0.003** 
t-stat  2.883 2.074 2.971 3.242 1.8656 
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Table 5: Pairwise Correlations 

 

Variables (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) 
(1) COE 1.000                
(2) Overall gap −0.052 1.000               
(3) Dummy −0.068* 0.786* 1.000              
(4) Class action 
lawsuit 

−0.073* 0.698* 0.642* 1.000             

(5) Shareholder 
activism 

−0.015 0.667* 0.539* 0.367* 1.000            

(6) Discrimination/ 
harassment 

−0.044 0.815* 0.715* 0.548* 0.505* 1.000           

(7) Securities fraud −0.041 0.758* 0.607* 0.553* 0.465* 0.602* 1.000          
(8) Health and safety −0.052 0.700* 0.515* 0.427* 0.390* 0.540* 0.468* 1.000         
(9) Insider trading 0.008 0.655* 0.419* 0.392* 0.385* 0.458* 0.490* 0.419* 1.000        
(10) Employee 
benefits 

−0.044 0.773* 0.626* 0.474* 0.420* 0.572* 0.498* 0.469* 0.446* 1.000       

(11) Gender pay gap −0.032 0.719* 0.472* 0.413* 0.492* 0.506* 0.482* 0.445* 0.450* 0.527* 1.000      
(12) Layoffs −0.041 0.671* 0.468* 0.362* 0.361* 0.479* 0.404* 0.409* 0.406* 0.522* 0.459* 1.000     
(13) Labour disputes −0.034 0.791* 0.631* 0.451* 0.471* 0.619* 0.500* 0.534* 0.432* 0.639* 0.509* 0.537* 1.000    
(14) Beta 0.327* −0.013 −0.001 −0.004 0.014 −0.027 0.014 −0.023 0.014 −0.059 −0.015 0.020 −0.018 1.000   
(15) Leverage 0.044 0.088* 0.062* 0.037 0.066* 0.095* 0.070* 0.046 0.049 0.042 0.068* 0.077* 0.087* 0.076* 1.000  
(16) BTM 0.484* −0.057 −0.031 −0.042 −0.016 −0.058 −0.043 −0.018 −0.024 −0.037 −0.052 −0.083

* 
−0.038 0.179* −0.021 1.000 

BTM = Book to Market value; COE = cost of equity premium. 
Notes: This table reports pairwise correlations between the overall gap score, the dummy gap score, the 10 individual topics, and control variables. Overall gap takes a discrete value between 1 and 10 and is 
measured as the number of times there was a gap score for a firm for each of the 10 topics. Dummy gap is a dummy variable, which is 1 if any topic for a given firm has a gap score of 1. It is 0 otherwise. COE is 
the average of the four models developed by Easton (2004), Gebhardt et al. (2001), Claus and Thomas (2001), Ohlson and Juettner-Nauroth (2005). 
* Statistical significance at the 10% level. 
** Statistical significance at the 5% level.  
*** Statistical significance at the 1% level.  
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Table 6: Baseline Regression Model 

 
Without 
CVCOE 

With 
CVCOE 

Without 
CVCOE 

With 
CVCOE 

Gap_Extent −0.001*** −0.001**   
   (−2.882) (−2.064)   
Gap (Y_N)   −0.007*** −0.005*** 
   (−3.771) (−2.729) 
Beta  0.014***  0.014*** 
    (7.859)  (8.971) 
Lev  0.000  0.001 
    (0.049)  (0.308) 
BTM  0.044***  0.045*** 
    (20.500)  (22.667) 
Industry  Yes  Yes 
       
Constant 0.091*** 0.053*** 0.094*** 0.056*** 
   (14.955) (9.254) (19.176) (12.015) 
Observations 1801 1801 1801 1801 
R2 0.131 0.348 0.125 0.341 
BTM = Book to Market value; COE = cost of equity capital; CV = XX; Lev = Leverage.  
Notes: This table presents results of the regression of COE on social disclosure gap. COE is 
the average of the individual estimates developed by Gebhardt et al. (2001), Claus and 
Thomas (2001), Ohlson and Juettner-Nauroth (2005), and Easton (2004). Gap_Extent takes 
a discrete value between 1 and 10 and is measured as the number of times there was a gap 
score for a firm for each of the 10 topics. Gap (Y_N) is a dummy variable, which is 1 if any 
topic for a given firm has a gap score of 1. It is 0 otherwise. Model (1) reports the results 
without control variables.  
* Statistical significance 10% level. 
** Statistical significance at the 5% level. 
*** Statistical significance at the 1% level. 
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Table 7: Baseline Regression Using Alternative Cost of Equity Estimates 

 
 
 

Variables 
(1) (2) (3) (4) 

kojnw kctw kmpegw kglsw 
Dummy −0.007*** −0.004 −0.010*** −0.003*** 
   (−3.228) (−1.597) (−3.919) (−2.055) 
Beta 0.015*** 0.017*** 0.016*** 0.009*** 
   (6.986) (6.811) (6.702) (7.304) 
Lev 0.009 −0.012 0.016** −0.012*** 
   (1.466) (−1.628) (2.338) (−3.217) 
BTM 0.038*** 0.050*** 0.044*** 0.045*** 
   (15.332) (16.486) (15.536) (29.404) 
Constant 0.060*** 0.035*** 0.063*** 0.059*** 
   (9.048) (4.337) (8.294) (14.517) 
Industry  Yes Yes Yes Yes 
Observations 1801 1801 1801 1801 
R2 0.271 0.244 0.298 0.461 
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Table 8: Baseline Regression Using Alternative Cost of Equity Estimates 

Variables 
(1) (2) (3) (4) (5) (6) (7) 

kojnw kctw kmpegw kglsw kpeg kfhg kgg 
Overall_gap −0.001*** −0.001 −0.001*** −0.000 −0.001**

* 
−0.002** −0.005*** 

   (−2.096) (−1.268) (−2.402) (−1.235) (−2.905) (−2.192) (−3.388) 
Beta 0.014*** 0.017*** 0.016*** 0.009*** 0.017*** 0.015*** 0.013* 
   (6.918) (6.779) (6.618) (7.264) (7.116) (4.167) (1.822) 
Lev 0.009 −0.012 0.016** −0.012*** 0.011 −0.002 −0.007 
   (1.459) (−1.611) (2.316) (−3.218) (1.535) (−0.227) (−0.363) 
BTM 0.038*** 0.050*** 0.044*** 0.045*** 0.045*** 0.050*** 0.020** 
   (15.258) (16.441) (15.446) (29.340) (15.561) (11.343) (2.402) 
Industry Yes Yes Yes Yes Yes Yes Yes 
Constant 0.059*** 0.034*** 0.060*** 0.059*** 0.046*** 0.045*** 0.143*** 
   (8.833) (4.273) (8.002) (14.381) (5.956) (3.862) (6.438) 
        
Observations 1801 1801 1801 1801 1789 1792 1735 
R2 0.268 0.244 0.295 0.460 0.304 0.130 0.070 
BTM = Book to Market value; Lev = Leverage. 
Notes: This table examines the alternative cost of equity premium estimates on the social disclosure 
gap. Kpeg is the price earning growth model that assumes no dividend payments. Kgg is the Gordon and 
Gordon (1997) finite horizon model. Claus and Thomas (2001), Gebhardt et al. (2001), Ohlson and 
Juettner-Nauroth (2005), and Easton (2004) are denoted as kct, kGLS, kOJN, and Kmpeg respectively. 
* Statistical significance at the 10% level. 
** Statistical significance at the 5% level.  
*** Statistical significance at the 1% level.  
** Statistical significance at the 5% level.  
*** Statistical significance at the 1% level. 
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Table 9: Regression Using Different Social Disclosure Gap 

Variables 
COE 

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
Class_action_lawsuit −0.007**

* 
         

   (−3.099)          
Shareholder activism  −0.003         
  (−1.278)         
Discrimination/harassment   −0.003        
   (−1.334)        
Securities fraud    −0.004       
    (−1.507)       
Health and safety     −0.007**

* 
     

     (−2.705)      
Insider trading      0.001     
      (0.255)     
Employee benefits       −0.002    
       (−0.988)    
Gender pay gap        −0.003   
        (−1.007)   
Layoffs         −0.004  
         (−1.477)  
Labour disputes          −0.003 
          (−1.455) 
Beta 0.014*** 0.014*** 0.014*** 0.014*** 0.014*** 0.014*** 0.014*** 0.014*** 0.014*** 0.014*** 
   (7.909) (7.883) (7.850) (7.919) (7.777) (7.876) (7.833) (7.876) (7.893) (7.841) 
Lev −0.000 −0.000 0.000 0.000 0.000 −0.001 −0.000 −0.000 −0.000 0.000 
   (−0.034) (−0.012) (0.005) (0.004) (0.042) (−0.101) (−0.067) (−0.045) (−0.013) (0.007) 
BTM 0.044*** 0.044*** 0.044*** 0.044*** 0.044*** 0.044*** 0.044*** 0.044*** 0.044*** 0.044*** 
   (20.492) (20.573) (20.526) (20.531) (20.610) (20.590) (20.566) (20.491) (20.451) (20.576) 
Constant 0.053*** 0.052*** 0.052*** 0.052*** 0.052*** 0.051*** 0.052*** 0.052*** 0.052*** 0.052*** 
   (9.305) (9.113) (9.132) (9.149) (9.240) (9.001) (9.081) (9.088) (9.151) (9.151) 
Observations 1801 1801 1801 1801 1801 1801 1801 1801 1801 1801 
R2 0.350 0.347 0.347 0.347 0.349 0.346 0.347 0.347 0.347 0.347 
BTM = Book to Market value; COE = cost of equity premium; Lev = Leverage. 
Notes: The t-values are in parentheses. This table presents results of the COE regression on each of the 10 individual topics, namely shareholder activism, discrimination/harassment, securities fraud, health 
and safety, insider trading, employee benefits, gender pay gap, layoffs, and labour disputes. COE is the average of four models developed by Claus and Thomas (2001), Gebhardt et al. (2001), Ohlson and 
Juettner-Nauroth (2005), and Easton (2004). 
* Statistical significance at the 10% level. 
** Statistical significance at the 5% level.  
*** Statistical significance at the 1% level.  
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Table 10: Analyst Forecast Sluggishness 

Variables 
COE 

(1) (2) (3) 
Overall_gap −0.001* −0.001** −0.001 
   (−1.923) (−2.429) (−1.625) 
Beta 0.008*** 0.012*** 0.010*** 
   (4.649) (6.683) (5.684) 
Lev 0.006 0.004 0.007 
   (1.164) (0.893) (1.514) 
BTM 0.041*** 0.041*** 0.038*** 
   (19.671) (19.737) (17.925) 
Momentum3 −0.081***   
   (−12.860)   
Momentum6  −0.048***  
  (−11.129)  
Momentum12   −0.037*** 
   (−11.880) 
Constant 0.055*** 0.056*** 0.058*** 
   (10.055) (10.038) (10.519) 
Industry Yes Yes Yes 
Observations 1799 1797 1761 
R2 0.403 0.394 0.411 

BTM = Book to Market value; COE = cost of equity premium; Lev = Leverage. 
Notes: The t-statistics are reported inside the parentheses. This table examines the 
robustness of the results to analyst forecast sluggishness. COE is the average of the 
four models developed by Gebhardt et al. (2001), Claus and Thomas (2001), Ohlson 
and Juettner-Nauroth (2005), and Easton (2004). Each of the models (1), (2), and (3) 
control the price momentum, which is obtained by compounding the returns over the 
past 3, 6, and 12 months respectively.  
* Statistical significance 10% level. 
** Statistical significance at the 5% level. 
*** Statistical significance at the 1% level. 
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Table 11: Cross Sectional Analysis: Customer Awareness 

Variables 

High Customer 
Awareness 

Low Customer 
Awareness 

COE COE 
Dummy −0.006** −0.005* 
   (−2.029) (−1.799) 
Beta 0.011*** 0.019*** 
   (3.806) (7.295) 
Lev 0.013 −0.012 
   (1.445) (−1.595) 
BTM 0.050*** 0.042*** 
   (11.985) (13.282) 
Industry Yes Yes 
Constant 0.051*** 0.055*** 
   (6.939) (6.124) 
Observations 620 904 
R2 0.329 0.389 
BTM = Book to Market value; COE = cost of equity premium; Lev = Leverage. 
Notes: The t-values are in parentheses. This table presents results from regressing the cost of 
equity capital (the average of the four models developed by Gebhardt et al. (2001), Claus and 
Thomas (2001), Ohlson and Juettner-Nauroth (2005) on the social disclosure gap in high and low 
customer awareness. Customer awareness is calculated as the advertising expense divided by 
revenue.  
* Statistical significance 10% level. 
** Statistical significance at the 5% level. 
*** Statistical significance at the 1% level. 
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Table 12: Cross Sectional Analysis: Product Market Competition 

Variables 
High Competition Low Competition 

COE COE 
Dummy −0.001 −0.007*** 
   (−0.230) (−2.931) 
Beta 0.016*** 0.015*** 
   (3.678) (7.004) 
Lev −0.002 −0.001 
   (−0.157) (−0.214) 
BTM 0.043*** 0.045*** 
   (7.008) (16.308) 
Industry Yes Yes 
Constant 0.053*** 0.052*** 
   (5.849) (6.305) 
Observations 298 1226 
R2 0.324 0.370 
BTM = Book to Market value; COE = cost of equity premium; 
Lev = Leverage; PMC = Product Market Competition; 
SIC =Standard Industrial Classification. 
Notes: The t-values are in parentheses. This table presents results 
from regressing the cost of equity capital (the average of the four 
models developed by Gebhardt et al., 2001; Claus & Thomas, 2001; 
Ohlson &Juettner-Nauroth, 2005) on the social disclosure gap in 
high and low PMC. PMC is estimated using Herfindahl–Hirschman 
Index and is calculated by using the sum of the square of market 
shares of all the firms in an industry based on the SIC code. Market 
share is computed by dividing firm’s revenue over the total industry 
revenue. 
* Statistical significance 10% level. 
** Statistical significance at the 5% level. 
*** Statistical significance at the 1% level. 
 



	 	 	
	
	

70	
	
	

 
Table 13: Dropping Financial and Dirty Industries and Controlling for Median COE 

 
 
 
 
 
 
 

Variables 

Drop 
Financial 
Industry 

Drop Dirty 
Industry 

Control 
Median COC 

Overall gap −0.001** −0.001*** −0.001*** 
   (−1.770) (−2.113) (−2.784) 
Beta 0.012*** 0.015*** 0.014*** 
   (5.338) (7.617) (7.573) 
Lev 0.009 −0.001 0.004 
   (1.310) (−0.109) (0.683) 
BTM 0.045*** 0.047*** 0.043*** 
   (16.458) (20.304) (19.314) 
Median_COC   0.146 
   (0.204) 
Constant 0.052*** 0.053 0.040 
   (8.129) (1.398) (0.738) 
Observations 1168 1654 1801 
R2 0.356 0.352 0.374 
BTM = Book to Market value; COE = cost of equity premium; Lev = Leverage. 
Notes: This table reports results from regressing COE on disclosure gap and controls for the year 2018. COE is  the four 
models developed by Gebhardt et al. (2001), Claus and Thomas (2001), Ohlson and Juettner-Nauroth (2005), and Easton 
(2004). In model (1), I drop financial industry; in model (2), I drop the “dirty” industries, and in model (3), I placed a 
control for the median industry risk premium. 

 

* Statistical significance at the 10% level.  
** Statistical significance at the 5% level.  
*** Statistical significance at the 1% level.  
 

 


