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Industry Specialist Auditors and Accrual Informativeness 

 
 
 
 
 
ABSTRACT 
We examine the relation between auditor industry specialists and the mapping of accruals 
into future cash flows, a key attribute of informative accounting. Using a pooled sample, we 
find a weaker relation between accruals and future cash flows for firms audited by an 
industry specialist, suggesting that they are associated with less informative accruals. 
However, a latent class analysis to identify clusters of firms with a homogenous regression 
structure reveals one cluster, representing 37 percent of the pooled sample, in which auditor 
industry specialists are associated with more informative accruals. Moreover, the probability 
of belonging to this group is higher when the average similarity across all firms in that 
industry is greater. These results suggest that while industry specialist auditors are associated 
with less informative accruals on average, there is considerable sample-wide variation in 
these results. Overall, our findings shed new light on the effects of industry specialist 
auditors. 
 

Keywords: Auditor Industry Specialization, Cash Flow Prediction, Accrual Informativeness, 
Earnings Quality, Latent Class Analysis 
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I. INTRODUCTION 

This paper examines the relation between auditor industry specialization and accrual 

informativeness. Over the past years, auditor industry specialization has received 

considerable attention in the literature, with many studies investigating the costs and benefits 

of industry specialist auditors. An important part of the audit quality literature focuses on the 

impact of auditor industry specialization on the reliability of clients’ financial statements as 

one potential benefit associated with industry specialization. A number of studies find 

evidence supporting the view that industry specialism is associated with greater reliability. 

For example, Balsam et al. (2003) find that firms audited by an industry specialist have 

smaller absolute discretionary accruals. Similarly, Reichelt and Wang (2010) document lower 

abnormal accruals and show that benchmark beating is less likely for firms audited by an 

industry specialist. However, other studies challenge these findings. For example, Minutti-

Meza (2013) finds, after using propensity score matching to control for differences in audit 

engagements between specialist and non-specialist auditors, no evidence that clients of 

industry specialist auditors have lower levels of discretionary accruals. In contrast, Gaver and 

Utke (2018) do find evidence of lower earnings management for clients of industry specialist 

auditors, even after using propensity score matching.   

 Rather than adding to this discussion, this paper focuses on another audit quality 

dimension in which auditor industry specialization can play a role. In particular, the purpose 

of this paper is to investigate the relation between auditor industry specialists and the 

mapping of accruals into future cash flows, a key attribute of informative accounting 

numbers. Investigating the relation between auditor industry specialization and accrual 

informativeness, which to the best of our knowledge has not been examined yet, is salient for 

at least two reasons.  
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First, referring to the objective of financial reporting as defined by the Financial 

Accounting Standards Board (FASB), Dechow et al. (2010, p. 344) define higher quality 

earnings as “earnings that provide more information about the features of a firm’s financial 

performance that are relevant to a specific decision made by a specific decision maker.” The 

cash-generating ability of an entity is of interest to a wide range of users including investors, 

creditors, suppliers, and employees. Concept Statement 8 of the FASB recognizes that 

“existing and potential investors, lenders, and other creditors need information to help them 

assess the prospects for future net cash inflows to an entity” (FASB 2010, 2) and defines the 

ability of accruals to inform users about future net cash inflows as one of the main objectives 

of financial reporting.1  

Second, professional auditing standards require auditors to consider “the quality, not 

just the acceptability” of the client’s financial reporting (SAS 90) (DeFond and Zhang 2014). 

In particular, high-quality auditors are expected to consider not only whether the client’s 

accounting choices are in compliance with GAAP, but also whether the financial statements 

reflect the firm’s underlying economics. In line with this view, DeFond and Zhang (2014) 

define audit quality as “greater assurance that the financial statements faithfully reflect the 

firm’s underlying economics.” To the extent that a better reflection of underlying economics 

is associated with greater informativeness, this suggests that auditors implicitly have a 

responsibility towards reporting accounting numbers that are not only reliable but also 

informative.2  

                                                            
1 Note that FASB Concept Statements are non-authorative and do not establish generally accepted accounting 
standards. However, they are relevant as they specify the objectives, goals and purposes of financial accounting 
and they “guide the Board in developing sound accounting principles and provide the Board and its constituents 
with an understanding of the appropriate content and inherent limitations of financial reporting.” (FASB 2010) 
2 In the auditing literature, there is some discussion about the role of the auditor. Whereas DeFond et al. (2018) 
argue that auditors should assure that financial statements faithfully reflect the firm's underlying economics, 
Palmrose and Kinney (2018) argue that this view is impracticable and that auditors should solely opine on 
financial statement compliance with GAAP. To the extent that auditors merely focus on compliance with 
GAAP, we should find no effects of industry specialist (or non-specialist) auditors on accrual informativeness. 
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As industry specialist auditors are assumed to deliver higher quality audits, clients of 

industry specialist auditors would be expected to show higher accrual informativeness. 

However, Francis et al. (2014) shows that auditors impose an “audit style” on the financial 

statements of their clients. Specifically, the authors argue and find that Big 4 audit firms have 

their own working rules that affect what is ultimately reported in the financial statements, 

such that firms audited by the same audit firm have earnings and accruals that are more 

comparable. Furthermore, not only do these Big 4 audit firms have their own style, but they 

are also frequently organized along industry lines (Minutti-Meza 2013). Audit practices of 

audit firms tend to be relatively standardized within industries, potentially leading to an 

“industry style”, especially for audit firms that have many audit engagements in an industry. 

By building an internal database with industry-specific best practices (Krishnan 2003; 

Reichelt and Wang 2010), investing in various decision aids (such as checklists), training 

sessions (Bédard 1989; Power 1996), and guidance from a centralized national office (Danos, 

Eichenseher, and Holt 1989), industry specialist auditors can build their knowledge and 

expertise. Such industry expertise might increase accrual informativeness to the extent that 

industry specialist auditors can form a better judgement of a firm’s asset values and accruals. 

However, if standardization constrains managers’ ability to signal relevant private 

information, accrual informativeness might be reduced when an industry specialist is 

employed. Consistent with the latter argument, Badertscher et al. (2012) show that more 

conformity may result in accruals that are more reliable but not necessarily more informative. 

They investigate the informativeness of accruals for a sample of firms that have restated their 

earnings. They find that for the sample of opportunistic firms (i.e., the benchmark beaters), 

restated earnings are more informative than the originally reported earnings. In contrast, for 

the group of non-opportunistic firms, the originally reported earnings (which were in 

technical violation of GAAP) were more informative than the restated earnings.  
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Collectively, to the extent that industry specialist auditors impose an “industry style” 

and require greater comparability and standardization across clients in the same industry, 

accruals of clients audited by an industry specialist might be less informative, instead of 

auditor industry expertise being reflected in better judgements. Hence, the impact of industry 

specialist auditors on the informativeness of accruals boils down to an empirical question.  

To investigate whether and how industry specialist auditors affect the informativeness 

of accruals, we use a cash flow prediction model to examine the extent to which this year’s 

operating cash flows and accruals map into next year’s operating cash flows. We begin our 

analyses on a pooled sample of all U.S. public companies over the period 2000-2016. For this 

pooled sample, we find that the accruals of clients audited by an industry specialist auditor 

are less predictive of future cash flows. These results hold under various specifications, 

including a firm-fixed effects analysis to control for unobservable differences across clients 

of specialist and nonspecialist auditors as well as using entropy balancing and propensity 

score matching to control for differences across audit engagements of specialist and 

nonspecialist auditors.  

In a next step, we follow the suggestion of Larcker (2003) and Larcker and Richardson 

(2004) and apply a latent class mixture regression to investigate if and how the relation 

between auditor industry specialists and accrual informativeness is different across (latent) 

subsamples. Whereas a pooled sample analysis is appropriate if there is a uniform relation 

between auditor industry specialism and accrual informativeness, results obtained from such 

an analysis can be misleading if this relation is different for different groups of observations 

(Larcker and Richardson 2004). In the latter case, a latent class model can be employed 

which allows the researcher to classify observations into groups of ex-ante unknown clusters 

or classes. Whereas the observations across classes are different and reflect differences in the 
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underlying processes in the sample (Allen et al. 2013), observations follow a homogenous 

regression structure within a class.  

The results of our latent class analysis (LCA) show that there is considerable variation 

in the relation between industry specialist auditors and accrual informativeness. Specifically, 

whereas we find that there are two groups for which, consistent with the pooled sample 

results, industry specialist auditors are associated with lower accrual informativeness, we also 

find one cluster of firms, representing 37 percent of the pooled sample, for which auditor 

industry specialization is associated with more informative accruals.  

One of the merits of a LCA is that after the estimation of the model and the different 

classes, we can investigate the factors that are associated with class membership. Hence, we 

investigate which factors are able to predict the probability that an observation belongs to the 

group of firms for which there is a positive association between auditor industry 

specialization and accrual informativeness (i.e., the “more informative” group). We find that 

this probability is higher when one would expect the benefits of auditor industry specialism to 

be higher, namely when the average similarity across all firms in the industry is greater. In 

more similar industries, industry knowledge is particularly useful and relevant and auditors 

can easily apply standardized industry procedures. In contrast, in industries in which firms 

are less similar, it is more difficult to transfer knowledge about audit risks and audit processes 

across clients (Bills et al. 2015). To the extent that auditors aim to minimize costs and apply 

standard industry procedures in such industries, this can come at a cost in the form of a loss 

of relevance. 

We perform a battery of tests to demonstrate the robustness of our findings. 

Specifically, we find that our results hold using alternative matching techniques, different 

measures of industry specialization, alternative industry definitions, and different ways of 

estimating our latent class model.  
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Our paper contributes to the literature on auditor industry specialization by providing 

novel evidence on its effects. In particular, we show that, on average, auditor industry 

specialization comes at the expense of accrual informativeness. However, we also show that 

for a substantially large group of firms in our sample, industry specialist auditors increase 

accrual informativeness and we document the factors that are predictive of being in this 

group. Previous studies have mainly concentrated on investigating the reliability of 

accounting information of clients of industry specialist auditors. We focus on the 

informativeness as another key aspect of high-quality accounting numbers.  

The insights of our study should be of interest to standard-setters as well as audit firms, 

which are often organized along industry lines (Minutti-Meza 2013). Moreover, by 

documenting the extent to which industry specialists affect the mapping of accruals into 

future cash flows, our findings are of interest to investors who wish to rely on accounting 

numbers to infer the future cash-generating ability of firms.  

The remainder of this paper is organized as follows: Section II provides some 

background on auditor industry specialization and discusses how industry specialist auditors 

can affect accrual informativeness. Section III discusses the research design and the sample. 

The results are reported and discussed in section IV, and finally section V concludes. 

 

II. BACKGROUND 

It is well-documented that audit quality differs across auditors (e.g., Francis and Michas 

2013; Knechel et al. 2015). One aspect of audit quality differentiation relates to industry 

specialization. If auditors embrace industry specialization as a way to improve their 

knowledge and understanding to provide high-quality audits, this is expected to be beneficial 

to both the client (e.g., higher level of assurance) and the auditor (e.g., higher fees, greater 

market share, lower probability of audit failure) (Jeter 2014). For example, prior research has 
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documented that industry specialist auditors are associated with better disclosure quality 

(Dunn and Mayhew 2004) and higher earnings response coefficients (Balsam et al. 2003). 

Furthermore, there is evidence of lower crash risk (Robin and Zhang 2015) and a higher 

valuation of firm cash holdings (Kim et al. 2015) for firms audited by an industry specialist 

auditor, suggesting reduced information risk for firms audited by an industry specialist. 

An important part of the audit quality literature has focused on the question whether 

auditor industry specialists do a better job of improving the reliability of the financial 

statements. Most studies find evidence of lower discretionary accruals for firms that are 

audited by an industry specialist (e.g., Reichelt and Wang 2010; Chi and Chin 2011, Gaver 

and Utke 2018). However, reliability (or faithful representation) is only one aspect of high-

quality accounting information.  

Next to representational faithfulness, relevance is the other fundamental quality 

attribute that determines whether accounting information is useful to investors. Accounting 

information is relevant if it possesses predictive and confirmatory value. For investors, 

predictive value is a key characteristic of useful accounting information as they use 

information on a firm’s earnings and cash flows to predict future cash flows, value the firm, 

and make investment decisions. Similarly, creditors use accounting information to determine 

the likelihood that firms will be able to pay interest and repay the debt. Consequently, it is 

important that current earnings (accruals) map into future cash flows (Dechow et al. 2010).  

It is ex-ante unclear whether and how industry specialist auditors affect the mapping of 

accruals into future cash flows. On the one hand, the reliable estimation of asset values is in 

many cases directly related to the informativeness of future cash flows. For example, fair 

value estimation of an asset may require the auditor to evaluate the appropriateness of the 

assumptions of the model that discounts the expected future cash flows associated with the 

(use of the) asset. Using their knowledge and expertise, industry specialist auditors can be 
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expected to form a better judgement of a firm’s asset values and accruals. To this end, 

industry specialists build an internal database with industry-specific best practices (Krishnan 

2003; Reichelt and Wang 2010). Krishnan (2003) argues that compared to a non-specialist 

auditor, an expert in the manufacturing industry is, for example, better able to evaluate 

whether a client’s provisions for warranties are in line with industry standards. Given that 

specialists are better informed about industry benchmarks and know what the average firm in 

the industry looks like, they are arguably better at judging whether deviations from the 

industry norm are justified or not. As such, an industry specialist auditor may increase the 

informativeness of accruals.  

On the other hand, more comparability across clients may reduce accrual 

informativeness. Francis et al. (2014) provide evidence that clients audited by the same audit 

firm have earnings and accruals that are more comparable. In addition, Drake et al. (2019) 

show that auditors use disclosure benchmarking across industry peers to ensure that clients’ 

disclosures are consistent with industry reporting conventions. They find that disclosure 

benchmarking is, on the one hand, associated with more financial statement disaggregation, 

which could improve earnings informativeness. On the other hand, disclosure benchmarking 

also leads to greater comparability and standardization of the footnotes across firms, which 

could reduce the firm-specific information included in those footnotes. Similarly, Johnstone 

and Zhang (2018) find that clients with the same auditor exhibit more financial reporting 

similarity. Although these studies apply to auditors in general, we can reasonably argue that 

industry specialist are more likely to make the earnings, accruals, and disclosures across their 

clients more comparable, as their industry-specific knowledge makes it easier to benchmark 

their clients (Minutti-Meza 2013). 

Increased comparability could then result in lower accrual informativeness as it reduces 

the client’s ability to signal private information through accrual choices and disclosures. In 
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this sense, the findings of prior studies that industry specialist auditors are associated with 

lower levels of discretionary accruals could come at a cost. Subramanyam (1996), for 

instance, shows that managerial discretion may improve the ability of earnings to reflect 

economic value. Consistent with this, Badertscher et al. (2012) document for a sample of 

restatement firms that restated earnings are less (more) informative for the subsample of non-

opportunistic (opportunistic) firms compared to the originally reported earnings.  

Collectively, it remains an empirical question if and how industry specialists influence 

the mapping of accruals into future cash flows, which is what we examine in this study. In 

addition to examining the effect of auditor industry specialism on accrual informativeness in 

a pooled sample of firms, we also add an exploratory analysis using latent class analysis in 

which we investigate whether the relation between auditor industry specialists and accrual 

informativeness is uniform across all firms in the sample, or whether we can identify (latent) 

subsamples in which this relation is different. With respect to the latter, we are particularly 

interested in exploring the role of the similarity or homogeneity of the entire industry. Cahan 

et al. (2011) report that practitioners define industry specialization as “knowledge specific to 

a client’s industry”, “an understanding of how general and specific accounting guidance 

applies to the client’s industry”, and “an understanding of operational nuances and 

challenges”. In addition, it has been documented that auditors are more likely to specialize in 

industries with greater homogeneity among clients’ operations and investment opportunity 

sets (Cairney and Young 2006; Cahan et al. 2008). Whereas industry knowledge can be 

useful for firms that are more similar to other firms in the industry, the usefulness of such 

knowledge is likely relatively limited if the industry itself is not homogeneous and the 

average similarity across all firms in the industry is low. In such industries, it is more difficult 

to transfer knowledge about audit risks and audit processes and procedures across clients and 

economies of scale are likely limited (e.g., Bills et al. 2015). To the extent that auditors try to 
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minimize costs and still apply industry-wide procedures, there can be a loss of relevance as 

similar procedures are applied to a set of non-similar firms. In contrast, applying industry-

wide procedures can have merits and may increase informativeness in homogeneous 

industries. 

In summary, we aim to answer the following research questions: (1) What is the 

relation between auditor industry specialists and accrual informativeness, on average? (2) Is 

this relation uniform across the entire sample or can we identify different clusters of 

observations with a different relation between industry specialism and accrual 

informativeness? (3) What is the role of within-industry homogeneity and similarity?  

  

III. RESEARCH DESIGN 

Sample Selection 

Our sample consists of all U.S. listed firms with available data in Compustat and Audit 

Analytics from 2000 to 2016. We estimate all models from fiscal year 2000 onwards, as this 

is the first year for which audit fee data, used for capturing industry specialization in our 

main analyses, are available in Audit Analytics. After eliminating observations without the 

data necessary to calculate the variables included in our models, our final sample on which 

we estimate the cash flow prediction models includes 56,278 firm-year observations.  

Measuring Auditor Industry Specialization 

Since the specialist status of an auditor is unobservable, several proxies have been developed 

to measure industry specialization. We follow prior literature and use the auditor’s market 

share in an industry to determine whether the auditor is an industry specialist (Reichelt and 

Wang 2010; Dhaliwal et al. 2015; Bae et al. 2017; Lim and Tan 2010). We use two-digit 

historical SIC codes to measure industry and calculate for each industry-year an auditor’s 

market share based on the sum of audit fees in each industry. We then create an indicator 
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variable, IndLeader_Fee, that is equal to one if the auditor has the largest audit fee-based 

market share in an industry, and zero otherwise.3  

Cash Flow Prediction Model 

For our main analysis, we follow Dechow et al. (1998), Barth et al. (2001), and Badertscher 

et al. (2012) and estimate a cash flow (CF) prediction model in which we estimate the 

predictive ability of current operating cash flows and accruals for future operating cash flows. 

As the ability to use accounting information in the prediction of future cash flows is a key 

aspect that determines the usefulness of accounting information to investors, this test enables 

us to investigate whether industry specialist auditors affect the informativeness of earnings.  

Specifically, we estimate the following CF prediction model, where subscripts i and t 

denote firm and year: 

, , , , ∗ _ , , ∗

_ , _ , 	 	 ,         (1) 

Operating cash flows (CFO) are net cash flows from operating activities, scaled by average 

total assets. Accruals (ACC) are measured as the difference between earnings (income before 

extraordinary items) and operating cash flows, scaled by average total assets (Sloan 1996).4 

IndLeader_Fee is our proxy for auditor industry specialists as defined in the previous section. 

We interact IndLeader_Fee with both accruals (ACC) and cash flows (CFO) to examine 

                                                            
3 In recent years, there has been some criticism on the use of market share measures of auditor industry 
specialism and recent literature cautions against relying on a single market share measure of industry 
specialization (Audousset-Coulier et al. 2016). In robustness tests, we use alternative measures of auditor 
industry specialism, including (1) a continuous or a rank variable of the auditor’s market share, (2) a measure 
that requires specialists to have more than a 30 percent market share, (3) measures that combine national and 
city level (MSA) market shares, and (4) measures that combine industry market shares and the constitution of an 
auditor’s portfolio of clients. In addition, we use alternative specifications in which we measure auditor industry 
specialization as the largest within-industry market share based on assets, sales, squared assets, and squared 
sales. Our inferences are unaffected when we use these alternative measures. Please refer to section IV for more 
details on these robustness tests. 
4 We truncate these variables at the 0.5th and 99.5th percentile. Results are robust to using winsorization or 
estimating robust regressions to mitigate the influence of outliers. We find similar results if we use operating 
accruals, defined as operating income after depreciation less operating cash flows, divided by average total 
assets.  
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whether auditor industry specialists affect the informativeness of accruals. We control for 

year and industry fixed effects. Standard errors are clustered by firm.  

Propensity Score Matching and Entropy Balancing 

To strengthen identification and to control for differences in client and engagement 

characteristics across audits conducted by industry specialists and nonspecialists, we use two 

different methods, namely propensity score matching and entropy balancing. Both techniques 

allow us to control for a variety of characteristics without having to be concerned about 

functional form misspecification. Propensity score matching is used to find comparable 

clients audited by specialist and nonspecialist auditors. Using propensity score matching, 

control observations are matched to treatment observations based on a specified distance 

between their overall probabilities of undergoing treatment (i.e., being audited by an industry 

specialist). These probabilities are estimated using a number of covariates that predict choice, 

aggregating multiple dimensions into the probability of treatment, which is then used as a 

single matching variable.  

To construct the propensity-score-matched sample, we use the indicator variable 

IndLeader_Fee that is equal to one if the firm has an industry specialist auditor, and zero 

otherwise, as the dependent variable. We include the following independent variables: Big N 

auditor, size (measured by the natural logarithm of total assets), leverage, loss, book-to-

market ratio, inherent risk (measured as inventory and receivables divided by total assets), 

sales growth, number of business segments, and performance (measured by return-on-assets 

and the natural logarithm of sales). In addition, we control for year and industry fixed effects. 

All of these variables are defined in Appendix A. 

Given the limitations inherent in the propensity score matching methodology (Shipman 

et al. 2016), we also run our tests on a reweighted sample where we use entropy balancing to 

achieve covariate balance. Hainmueller (2011) introduces entropy balancing as a 
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generalization of commonly used propensity score weighting/matching approaches.5 

Appendix B provides a more detailed explanation of entropy balancing, including its 

advantages compared to propensity score matching.   

To construct our balanced sample, we use the same variables as those included in the 

propensity score matching specification. Specifically, we balance the sample means and 

variances of all these variables, including industry and year, and require a maximum 

difference of 0.001 across treated and untreated observations.6 Balancing on the variance is 

important as differences in variability can be associated with differences in informativeness 

(e.g., Lipe 1990). In the results section, we present the results with propensity score matching 

and entropy balancing side-by-side. In the propensity score matched specification, the sample 

is reduced to 26,274 firm-year observations, which is less than half of the total sample, and 

with entropy balancing, the sample consists of 54,368 firm-year observations, representing 

96.6% of the total sample with the loss of observations being driven only by requiring data 

availability on the covariates on which we balance. As discussed in more detail in Appendix 

B, the loss of observations in the propensity-score-matched sample is one of the major 

drawbacks of the method. 

Latent Class Mixture Models 

A common assumption made in prior research is that one structural model is appropriate for 

the entire sample. An alternative to using a pooled estimation approach is to classify the 

sample into homogenous clusters of observations that appear to follow a similar regression 

model. Hence, in addition to estimating model (1) on the full sample to gauge the average 
                                                            
5 Whereas with propensity score matching the observation weights follow from a logistic regression of a 
treatment indicator on a set of variables that predict treatment, entropy balancing directly uses the information 
that is available about the sample moments and the balance constraints imposed on them. Hence, instead of 
matching treated observations to untreated observations with the closest propensity score, entropy balancing 
starts from the base weights (which are generally equal to one) and adjusts them to achieve covariate balance. 
Thus, whereas with propensity score matching observations are either included or completely  discarded, the 
weights in entropy balancing can be less than unity and are furthermore kept as close as possible to the original 
base weights. 
6 The results are not affected by using different levels for the maximum difference.  
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effect of industry specialist auditors on accrual informativeness, we also estimate a latent 

class mixture regression to investigate whether there are within-sample differences in the 

relation between auditor industry specialism and accrual informativeness.  

A latent class analysis (LCA) is well-suited to do this and has been frequently 

employed in marketing in the determination of different consumer segments as well as in 

medicine for the creation of, for example, different clusters of patients. More recently, several 

studies in the accounting literature have employed LCA as well. For example, Larcker and 

Richardson (2004) use LCA to investigate the extent to which non-audit fees are associated 

with discretionary accruals and find that the previously documented positive relation between 

non-audit fees and absolute discretionary accruals is present for only 8.5 percent of their 

sample firms. Similarly, Allen et al. (2013) use latent class mixture regressions to estimate 

differences in accrual auto-regressions, while Chen et al. (2015) use LCA to estimate 

different relations between board independence and earnings management. Finally, Khurana 

and Raman (2006) use LCA to analyze the relation between auditor-client dependence and 

clients’ cost of equity.  

Once the different classes or clusters are identified, it is possible to calculate the 

posterior probability that an observation belongs to a particular class or cluster. These 

probabilities can then be used to assign observations to classes after which we can investigate 

the factors that are associated with the observations in each class. We use three different 

measures to capture the assignment of observations to classes: (1) the raw class probability, 

(2) class indicators in which we allocate the observation to the cluster for which it has the 

largest relative posterior probability, and (3) class indicators in which we allocate the 

observation to the cluster for which the posterior probability is greater than 50 percent. 

Appendix C explains the LCA in more detail.  
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IV. RESULTS 

Descriptive Statistics 

Summary statistics of the variables used in the CF prediction model (Model 1) and the 

propensity score matching and entropy balancing specifications are reported in Table 1, Panel 

A. On average, cash flows are positive (0.051) and accruals are negative (-0.063), consistent 

with prior literature (Hui et al. 2016). More than 24 percent of the observations are audited by 

an industry specialist; about 30 percent of the observations experience a loss during the 

sample period and 78.5 percent of the observations hire a Big N auditor. Table 1, Panel B, 

presents a correlation matrix. Panel B shows that both accruals and cash flows are positively 

correlated with future cash flows. In addition, industry specialists are positively correlated 

with the level of cash flows and accruals.  

[INSERT TABLE 1 HERE] 

Main results 

Table 2 presents the results for the CF prediction model. Column (1) presents the findings of 

the base model including year and industry fixed effects. Column (2) presents the results with 

firm fixed effects, while columns (3) and (4) presents the findings after propensity score 

matching and entropy balancing, respectively. We observe positive and significant 

coefficients on the main effects of CFO and ACC in all four specifications, suggesting that 

both current cash flows and accruals of firms audited by a nonspecialist are informative about 

future cash flows. More central to our research question, we find that the interactions between 

ACC and IndLeader_Fee are negative and significant in all specifications, suggesting that on 

average accruals are less informative about next year’s operating cash flows when the firm is 

audited by an industry specialist. These results are also economically significant. For 

example, in the entropy balancing estimation, the predictive power of the accruals of firms 
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audited by an industry specialist auditor is lower by more than 20 percent (−0.048/0.223). 

Moreover, we do not find a significant effect on the interaction between CFO and 

IndLeader_Fee, which is consistent with the (greater) responsibility of (industry specialist) 

auditors to evaluate the reasonableness of a firm’s accrual choices. Overall, these results 

show that, on average, industry specialist auditors are associated with a loss of relevance.   

[INSERT TABLE 2 HERE] 

Latent Class Analysis 

Latent Class Mixture Regressions 

As discussed before, a pooled sample analysis assumes a homogenous regression structure 

for all observations in the sample. Such an assumption is not appropriate if it is expected that 

the sample can be characterized by several distinct underlying processes. Hence, Table 3 

presents the results of the latent class mixture regression in which we re-estimate regression 

equation (1), allowing for differences in the relation between auditor industry specialism and 

accrual informativeness across several (unknown) latent classes. We estimate several models 

in which we assume the existence of one, two, or three latent classes. We obtain the lowest 

Akaike Information Criterion (AIC) when we assume that there are three classes, suggesting 

that this structure best reflects the underlying relations between industry specialist auditors 

and accrual informativeness. It should be noted that although we allow all of the regression 

coefficients to vary across classes, we calculate class probabilities based on the interaction of 

ACC and IndLeader_Fee only, in line with our interest in how industry specialist auditors 

affect the informativeness of accruals.  

[INSERT TABLE 3 HERE] 

As can be seen from Table 3, the effect of industry specialist auditors on accrual 

informativeness varies considerably across classes. More importantly, the results reveal that 
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for a substantial portion of the sample, industry specialist auditors are associated with more 

informative accruals, which contrasts with the on-average negative relation we document in 

the pooled sample analysis. We find that the average estimated posterior probability that an 

observation belongs to class II, the class in which industry specialist auditors are associated 

with greater accrual informativeness, is 42.5 percent. When we assign observations to classes 

based on the highest posterior probability (a posterior probability greater than 50 percent), we 

find that 36.5 (35.9) percent of the observations are in class II, suggesting that industry 

specialist auditors are associated with greater accrual informativeness for over one-third of 

our sample, an effect that is masked in the pooled sample analysis.  

Moreover, we find economically large coefficients on the interaction of ACC and 

IndLeader_Fee. For example, in class II we find that industry specialist auditors increase the 

association between accruals and future cash flows by 0.144 and the mapping of accruals into 

future cash flows is larger by a factor three for industry specialist auditors (0.144+0.081 

versus 0.081). Also in the two classes in which we find that industry specialist auditors are 

associated with less informative accruals, we find economically large effects. Specifically, we 

find that industry specialist auditors are associated with a 0.282 and 0.113 reduction in the 

mapping of accruals into future cash flows for firms in class I and III, respectively. These 

results suggest that for firms audited by an industry specialist auditor, accrual 

informativeness is lower by 73 (0.282/0.387) and 93 percent (0.113/0.122) in class I and III, 

respectively.  

Table 4 reports the results of an alternative latent class mixture regression in which we 

restrict the coefficients on CFOt, ACCt, IndLeader_Fee, and CFOt*IndLeader_Fee to be the 

same across classes. Hence, we only allow the intercept and the interaction of ACC and 

IndLeader_Fee to differ across classes. Hence, this specification is a more direct test of the 

differential effect of industry specialist auditors on the informativeness of accruals and more 
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closely resembles latent class analysis with one independent variable (as for example in 

Larcker and Richardson 2004). Although there are some minor differences in the results, the 

overall impact of restricting the other coefficients on the main inferences is small. 

Specifically, we continue to find a large group (around 43 percent of the sample) for which 

industry specialist auditors reduce accrual informativeness as well as a large group (around 

47 percent) for which we find that industry specialist auditors are associated with greater 

accrual informativeness. Interestingly, the size of the latter group is greater than that in the 

unrestricted estimation. 

[INSERT TABLE 4 HERE] 

Determinants of Class Membership 

As we find that there are large differences in the effects of industry specialist auditors on 

accrual informativeness across classes, it is interesting to investigate what determines 

whether industry specialist auditors are associated with more informative accruals. Hence, in 

a next step we investigate the determinants of being in the class in which industry specialist 

auditors are associated with greater accrual informativeness (i.e., class II). 

We estimate several regression specifications in which we use both continuous and 

indicator variables to capture the probability that a firm/firm-year belongs to class II. 

Specifically, Prob_Class2 is the raw probability of being in class II, Class2_High is an 

indicator variable that is equal to one if class II has the largest estimated posterior probability, 

and zero otherwise, and Class2_50 is an indicator variable that is equal to one if the posterior 

probability that an observation belongs to class II is greater than 50 percent, and zero 

otherwise. Whereas Prob_Class2 and Class2_50 have the benefit that we assign observations 

to a specific class, the continuous measure Prob_Class2 is better at incorporating uncertainty 

with respect to class assignment.  
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As determinants, we mainly focus on characteristics of the industry. Prior studies 

provide evidence that auditors are more likely to specialize in industries with greater 

homogeneity among clients’ operations and investment opportunity sets (Cairney and Young 

2006; Cahan et al. 2008). In addition, Bills et al. (2015) provide evidence that industry 

specialists charge lower fees in industries with homogenous operations. This finding is 

consistent with the argument that homogenous industries allow for economies of scale 

through the transfer of industry-specific knowledge and audit processes across clients. 

Auditors can easily apply audit procedures and knowledge learned with one client to their 

other clients in the same industry. Given that the clients are similar to each other, this should 

improve the informativeness of accruals, compared to industries in which clients are less 

similar. We use different measures of industry homogeneity or similarity. First, we measure 

the synchronicity in cash flows, accruals and capital expenditures. Other studies have used 

similar types of measures to identify settings in which industry-specific knowledge is 

beneficial. For example, Hutton et al. (2012) measure the synchronicity of a firm’s revenues 

and earnings with industry revenues and earnings to investigate whether analysts, who 

typically specialize in certain industries, provide more accurate forecasts for high-

synchronous firms.  

 To measure cash flow synchronicity, we calculate every quarter the equal-weighted 

industry-average operating cash flow (quarterly operating cash flows/lagged total assets). We 

then estimate a firm-specific regression of firm-quarter cash flows on industry-average 

quarterly cash flows over the previous 3 years (12 quarters) of data. Ind_CFO_Synch is the 

average R-Squared of the firm-specific regressions of all firms within an industry-year where 

industries are defined along two-digit historical SIC codes. We construct similar measures for 

accrual (Ind_ACC_Synch) and capital expenditure (Ind_CAPX_Synch) synchronicity (see 
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Appendix A for detailed variable descriptions). Industries with higher levels of synchronicity 

consist of more similar firms.  

In addition to these synchronicity measures, we also follow Bills et al. (2015) and 

calculate industry homogeneity as the average correlation of operating cost structures for 

firms in the same industry (BJS_Homogeneity). Less variation in operating expense growth 

reflects a more homogenous reporting of economic changes related to demand, prices, 

technologies and other factors for firms in the same industry.  

Next, we include a textual measure of product similarity of firms within the same 

industry (TNIC3_Sim) as developed by Hoberg and Phillips (2016). To the extent that firms 

within one industry are different in terms of their product descriptions, this may make it more 

difficult for auditors to apply their industry-specific knowledge.  

As the last industry-wide measure, we include a measure of industry accounting 

complexity developed by Francis and Gunn (2015) using AICPA and FASB industry-specific 

guidance (Ind_Complex). Francis and Gunn (2015) show that in more complex industries, 

auditor industry expertise results in higher earnings quality as measured by (lower) 

discretionary accruals. However, as we have argued above, greater reliability may come at 

the expense of lower relevance. Such a tradeoff may be even stronger in complex industries 

in which not only the accounting regulations, but probably also the underlying operations of 

the firms are more complex.  

Next to these industry-level variables, which are the main focus of our determinants 

test, we also include a number of firm and audit-specific variables. First, we include Bench, 

an indicator variable that indicates whether or not the firm just meets or beats an earnings 

benchmark (either zero or last year earnings). Firms that engage in benchmark beating can 

either have more informative accruals as they signal future performance as argued for 

example by Gunny (2010) in the context of real earnings management or less informative 
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accruals due to opportunistic earnings management (Badertscher et al. 2012). To the extent 

that specialists see through the opportunistic motivation, this would result in a positive 

association between benchmark beating and the (probability of) being in class II. Second, we 

include two measures of performance, namely an indicator variable Loss and a firm’s Return 

on Assets (ROA). The informativeness of accounting information of loss-making firms is 

usually different from those of profitable firms (e.g., Hayn 1995) and industry specialists 

could help to improve the accrual informativeness of loss-making firms. Finally, we control 

for firm size, book-to-market ratio, leverage, inherent risk, sales growth and number of 

business segments. These variables are all defined in more detail in Appendix A.  

Finally, we include audit-specific variables, such as Big N auditor, audit lag, audit 

tenure, and non-audit fees. BigN is an indicator variable that is equal to one if the firm is 

audited by a Big N audit firm, and zero otherwise. Audit_Lag is defined as the natural 

logarithm of the number of calendar days between the end of the fiscal year and the signature 

date in the audit report. A longer audit lag may be indicative of a lower quality audit or more 

extensive discussions and possibly disagreement with company management (e.g., Knechel 

and Payne 2001; Blankley et al. 2014). Tenure is measured as the number of years the firm 

has been audited by the audit firm, while non-audit fees (NAFEES) are calculated as the 

natural logarithm of one plus non-audit fees. Both tenure and non-audit fees can be proxies of 

firm-specific knowledge of the auditor, which could lead to higher accrual informativeness or 

a lower importance of industry expertise. 

Table 5 presents descriptive statistics of the variables used in the determinants test. The 

sample consists of 53,110 firm-year observations. There is a large variation in the 

synchronicity measures and the correlation in operating expenses across industries. About 52 

percent of the industries are classified as complex industries. Around 23 percent of the 

observations meet or beat zero or last year earnings, while 30 percent report a loss and 79 
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percent are audited by a Big N auditor. The average audit lag is 60 days and the average 

auditor tenure is five years. 

[INSERT TABLE 5 HERE] 

Table 6 presents the regression results where we regress the probability of class II 

membership on the previously discussed set of determinants, based on class probabilities 

calculated from the unrestricted LCA reported in Table 3. Whereas column (1) to column (3) 

present the results on all available observations, column (4) presents the results on a restricted 

sample in which we exclude observations for which none of the classes have a posterior 

probability greater than 50 percent. The results in Table 6 show that both accrual and capital 

expenditure synchronicity are positively associated with belonging to class II, i.e., the class in 

which industry specialists are associated with higher accrual informativeness. In contrast, 

cash flow synchronicity is not significant. The fact that accrual, but not cash flow, 

synchronicity is positively associated with the probability of being in class II is consistent 

with the importance of similarities in firms’ accounting practices as a driver of the usefulness 

of auditor industry expertise. A similar conclusion can be drawn from the finding that 

industry-wide correlations in operating expenses (BJS_Homogeneity) are positively 

associated with the probability of being in class II. In contrast, we find that the degree of 

product similarity is significantly negatively associated with the probability of being in class 

II. A potential reason could be that industry specialist auditors do not define their specialism 

according to classifications based on product similarity and that similarity in product 

descriptions does not necessarily translate into similar accounting procedures, with the latter 

being more important to extract benefits from industry knowledge. In addition, we find some 

evidence that firms in complex industries are less likely to belong to class II. To the extent 

that not only the accounting regulations, but also the underlying operations of the firms are 
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more complex, this finding is consistent with a relevance-reliability tradeoff in complex 

industries. 

[INSERT TABLE 6 HERE] 

With regard to the firm control variables, we find that benchmark-beating firms are less likely 

to belong to class II, whereas loss-making firms are more likely to belong to class II. Overall, 

these findings suggest that industry specialists improve accrual informativeness of loss-

making firms, but not that of benchmark-beating firms. The latter finding could be due to a 

lower propensity to beat benchmarks for firms audited by an industry specialist or by firms 

that beat benchmarks having mostly opportunistic motives (in line with Badertscher et al. 

(2012)).  

With regard to the audit-specific control variables, we find that firms audited by Big N 

auditors are more likely to belong to class II, probably because most industry specialists are 

Big N auditors. Next, both the audit lag and non-audit fees are positively associated with 

being in class II, suggesting that discussions with management and the acquisition of firm-

specific information through the provision of non-audit services result in more informative 

accruals for industry specialists. However, the fact that longer tenure is negatively associated 

with the probability of belonging to class II is inconsistent with the argument that more firm-

specific knowledge leads to higher informativeness.  

[INSERT TABLE 7 HERE] 

Table 7 presents the results of our class determinants tests in which the probabilities of class 

membership are calculated from the restricted latent class mixture regression presented in 

Table 4. Importantly, we find results that are very similar to those presented in Table 6, 

except for the similarity in operating expenses (BJS_Homogeneity) and non-audit fees.  
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Overall, the latent class analysis reveals that there is considerable sample-wide 

variation in the association between industry specialist auditors and accrual informativeness. 

Whereas we document that auditor industry specialism, on average, is associated with lower 

accrual informativeness, we find that there is a considerably large group, for which auditor 

industry specialization is associated with greater accrual informativeness. Depending on the 

specification used, this group constitutes between 37 to 47 percent of the firm-years in our 

sample. Importantly, consistent with the argument that the benefits from industry expertise 

are greater if the firms in an industry are more similar, we find that the probability that an 

observation is part of this group is increasing in various proxies aimed at capturing industry-

wide similarities, including the similarity of accruals, investments, and operating expenses.  

Additional Analyses and Robustness Tests 

Alternative Auditor Industry Specialist Measures 

The results reported thus far have been based on a measure that captures whether the auditor 

is the national industry leader. Table 8 reports the results of several robustness tests in which 

we vary our measure of auditor industry specialism. Column (1) reports the results of a firm- 

fixed effects specification in which we allow industry specialism to be continuous and find 

that results are similar if we use the auditor’s market share in the industry.7 Column (2) and 

(3) report the results of an industry specialism measure that further incorporates the 

importance of the industry in the auditor’s client portfolio. Specifically, the results are based 

on a specialist measure that is equal to one if the auditor is the national industry leader and if 

the industry is the most important industry in the auditor’s portfolio of clients, and zero 

otherwise. Although this reduces the number of auditors that we classify as industry 

specialists compared to our main specification, we continue to find that auditor industry 

specialism, on average, is associated with lower accrual informativeness. Columns (4) to (7) 

                                                            
7 As the measure is continuous we cannot estimate an entropy balancing specification.  
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report the results of two specifications in which we further incorporate city-level data. We 

use Metropolitan Statistical Areas (MSA) to define cities and match it to county and state 

data in Audit Analytics. In Columns (4) and (5) we then define an industry specialist to be an 

auditor that is the industry leader at both the national and city level. Columns (6) and (7) 

report the results of an alternative measure that we borrow from Bills et al. (2015) and that 

defines an industry specialist as an auditor with a national market share of at least 30 percent 

and a city market share of at least 50 percent. As can be seen in Table 8, we find that, on 

average, industry specialist auditors are associated with lower accrual informativeness, also 

after incorporating city-level specialism.  

[INSERT TABLE 8 HERE] 

In our main analyses, we base our industry specialist measure on audit fees. Existing 

literature stresses the importance of not relying on a single measure of industry specialism 

and as a result often uses client size variables such as assets and sales to measure auditors’ 

market shares (Audousset-Coulier et al. 2016). To investigate whether the inferences from 

our main analyses are not specific to the use of our fee-based measure of industry 

specialization, we create four alternative measures, using the largest within-industry market 

share based on the following variables: assets, sales, squared assets, and squared sales. We 

rerun our tests and obtain (untabulated) qualitatively and quantitatively similar results as 

those reported in our tables.  

Alternative Industry Classifications 

Cahan et al. (2011) investigate the overlap between industry specialists identified based on 

market-share thresholds using 3-digit SIC codes and self-proclaimed areas of industry 

expertise (key industries) as listed by auditors on their websites. Although their findings show 

that industry specialization based on SIC codes is meaningful and corresponds to how audit 
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firms themselves define areas of expertise, we still investigate whether our results hold if we 

use alternative industry definitions. We find similar results (untabulated) using a more 

granular three-digit SIC industry definition as well as other industry definitions (such as 

Fama-French industry classifications and GICS sector codes). 

Alternative Entropy Balancing Specifications 

To investigate the robustness of the entropy balancing design, we investigate several other 

alternatives. First, whereas in the main results we balance the mean and variance of all 

covariates, we also estimate the regressions using regression weights balanced on the 

covariates’ mean, variance, and skewness. We find results that are statistically and 

economically comparable to the results reported in Table 2. Second, we investigate the 

impact of variations in the covariates on which we balance and we find comparable results 

even after adding audit-specific controls such as audit lags and audit tenure. Finally, we 

investigate whether the results change if we further balance on CFO and ACC and we again 

find results comparable to the main results reported in Table 2. Whereas we are interested in 

the effect of auditor industry specialism on accrual informativeness, balancing on CFO and 

ACC assures that the results are not driven by differences in the levels of accruals and cash 

flows between specialist and nonspecialist auditors. In addition, as we also balance the 

covariates’ variance and skewness, this test also provides evidence that the results are not 

driven by differences in the inherent variability of accruals and cash flows across specialist 

and nonspecialist auditors.  

[INSERT TABLE 9 HERE] 

Expanded Cash Flow Prediction Model 

Table 9 reports the results using an expanded CF prediction model in which we further allow 

the informativeness of accruals and cash flows to vary across profit and loss firms. Hayn 
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(1995) provides evidence that losses are less persistent and less informative about firms’ 

future performance. Although we already include a loss indicator variable and the Return on 

Assets as a covariate in the entropy balancing specifications reported thus far, the results in 

Table 9 further confirm that our results are not driven by differences in performance or the 

propensity to report losses across specialist and nonspecialist auditors. Consistent with Hayn 

(1995), we find that the mapping of accruals into future cash flows is weaker for loss firms. 

More importantly, we continue to find that industry specialist auditors, on average, are 

associated with less informative accruals.  

 

V. CONCLUSION 

Prior research has devoted considerable attention to the costs and benefits of auditor industry 

specialization. An important part of this literature has focused on the impact of auditor 

industry specialization on the reliability of a client’s financial statement information. In this 

study we focus on the impact of industry specialist auditors on the relevance of accounting 

information as another fundamental characteristic of accounting information. The ability of 

accruals to inform a wide range of users, including investors, creditors, suppliers and 

employees, about the future net cash inflows of an entity has been recognized by the FASB as 

one of the main objectives of financial reporting. We examine the relation between auditor 

industry specialization and accrual informativeness by investigating the extent to which 

current accruals map into future operating cash flows.  

The impact of industry specialist auditors on the informativeness of accruals is not clear 

ex-ante. Professional auditing standards require auditors to consider “the quality, not just the 

acceptability” of the client’s financial reporting (SAS 90) (DeFond and Zhang 2014). As a 

consequence, high-quality auditors are expected to consider not only whether the client’s 

accounting choices are in technical compliance with GAAP, but also whether the financial 
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statements reflect the firm’s underlying economics. However, at the same time, there is some 

evidence that accruals that are more reliable (i.e., more in line with GAAP) are not 

necessarily more informative (e.g., Badertscher et al. 2012). In addition, industry specialist 

auditors can positively (negatively) affect accrual informativeness by forming better 

judgements of asset values and accruals (restricting managers ability to signal firm-specific 

private information).  

We use a cash flow prediction model to examine the extent to which this year’s 

operating cash flows and accruals map into next year’s operating cash flows and begin our 

analyses on a pooled sample of all U.S. public companies over the period 2000-2016. We 

find that the accruals of clients audited by an industry specialist auditor are less predictive of 

future cash flows.  

In a next step, we apply a latent class mixture regression to investigate if and how the 

relation between auditor industry specialists and accrual informativeness is different across 

(latent) subsamples. The results show that there is considerable sample-wide variation in the 

relation between industry specialist auditors and accrual informativeness. In particular, we 

find two groups for which, consistent with the pooled sample results, industry specialist 

auditors are associated with lower accrual informativeness. In addition, we find one cluster of 

firms, representing 37 percent of the pooled sample, for which auditor industry specialization 

is associated with more informative accruals. 

One of the advantages of LCA is that it allows investigating the factors that are 

associated with class membership. Hence, we investigate which factors are able to predict the 

probability that an observation belongs to the group of firms for which there is a positive 

association between auditor industry specialization and accrual informativeness (i.e., the 

“more informative” group). We are particularly interested in exploring the role of the 

similarity or homogeneity of the entire industry on the association between industry specialist 



30 
 

auditors and accrual informativeness. We find that this probability is higher when the average 

similarity across all firms in the industry is greater. In more similar industries, industry 

knowledge is particularly useful and relevant and auditors can easily apply standardized 

industry procedures. In contrast, in industries in which firms are less similar, it is more 

difficult to transfer knowledge about audit risks and audit processes across clients (Bills et al. 

2015). To the extent that auditors in these industries  try to minimize costs and apply standard 

industry procedures, this can come at the cost of a loss of relevance. 

Collectively, we find that whereas on average auditor industry specialization is 

associated with lower accrual informativeness, there is an important part of the sample for 

which we find a positive association between industry specialist auditors and the 

informativeness of accruals. Hence, we conclude that there is considerable sample-wide 

variation in this relation, which further illustrates the usefulness of latent class analysis in 

accounting research in general, and audit research in particular. We therefore encourage 

accounting and auditing researchers to explore more whether (latent) subsamples are present 

in their pooled samples. Exploring the presence and determinants of subsamples increases our 

understanding of accounting and auditing phenomena. Our findings are robust to alternative 

matching techniques, different measures of industry specialization, alternative industry 

definitions, and different ways of estimating the latent class model. 

The insights of our study shed new light on the effects of industry specialist auditors 

and contribute to the literature on auditor industry specialization by considering another 

quality dimension of accounting information. While previous studies have mainly focused on 

the association between industry specialist auditors and the reliability of accounting 

information, we focus on the informativeness of accounting information. Our findings should 

therefore be of interest to standard-setters, but also to audit firms as they attach great 

importance to investing in industry-specific expertise. One limitation of our study is that we 
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focus only on the predictive value of accounting information and ignore the confirmatory role 

that accounting information plays. Future research could investigate whether industry 

specialist auditors also affect the confirmatory role of accounting information. In addition, 

future research could examine whether the presence of industry specialist auditors improves 

the comparability of accounting information, where comparability, as an enhancing 

characteristic, reflects the extent to which variation in economic outcomes explained by 

accounting amounts is the same for two firms.  
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Appendix A  
Variable Definitions 

 
Variable   Description Source 
Industry Specialist Measure 
IndLeader_Fee 

Indicator variable that is equal to one if the auditor is 
the auditor with the largest national market share based 
on audit fees in a two-digit historical SIC code and 
fiscal year, zero otherwise 

AA* 
Compustat 

Future Cash Flow Model Variables 
CFOt+1 Next year's operating cash flows (OANCF) divided by 

average total assets (AT) 
Compustat 

CFOt Operating cash flows (OANCF) divided by average 
total assets (AT) 

Compustat 

ACCt Total Accruals (IB - OANCF) divided by average total 
assets (AT) 

Compustat 

ACCt*IndLeadert Interaction of IndLeader_Fee and ACCt  AA 
Compustat 

CFOt*IndLeadert Interaction of IndLeader_Fee and CFOt  AA 
Compustat 

Similarity Measures 
Ind_CFO_Synch Cash flow synchronicity within the industry. For every 

quarter we calculate the equal-weighted industry-
average operating cash flows (quarterly operating cash 
flows / lagged total assets). We then estimate a firm-
specific regression of firm-quarter cash flows on 
industry-average cash flows over the previous 3 years 
(12 quarters) of data. Ind_CFO_Synch is the average 
R-Squared of the firm-specific regressions of all firms 
within an industry-year. Industries are defined as two-
digit historical SIC codes.  

Compustat 

Ind_ACC_Synch Accrual synchronicity within the industry. For every Compustat 
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quarter we calculate the equal-weighted industry-
average accruals (quarterly income before 
extraordinary items less quarterly operating cash flows 
/ lagged total assets). We then estimate a firm-specific 
regression of firm-quarter accruals on industry-average 
accruals over the previous 3 years (12 quarters) of 
data. Ind_ACC_Synch is the average R-Squared of the 
firm-specific regressions of all firms within an 
industry-year. Industries are defined as two-digit 
historical SIC codes.  

Ind_ACC_Synch Return on Assets synchronicity within the industry. 
For every quarter we calculate the equal-weighted 
industry-average ROA (quarterly income before 
extraordinary items / lagged total assets). We then 
estimate a firm-specific regression of firm-quarter 
ROA on industry-average ROA over the previous 3 
years (12 quarters) of data. Ind_ROA_Synch is the 
average R-Squared of the firm-specific regressions of 
all firms within an industry-year. Industries are defined 
as two-digit historical SIC codes.  

Compustat 

Ind_CAPX_Synch Capex synchronicity within the industry. For every 
quarter we calculate the equal-weighted industry-
average capital expenditures (quarterly capex / lagged 
total assets). We then estimate a firm-specific 
regression of firm-quarter capital expenditures on 
industry-average capital expenditures over the previous 
3 years (12 quarters) of data. Ind_CAPX_Synch is the 
average R-Squared of the firm-specific regressions of 
all firms within an industry-year. Industries are defined 
as two-digit historical SIC codes.  

Compustat 

BJS_Homogeneity Operating expenditure homogeneity measure 
calculated following Bills et al. (2015). It is the 
average R-squared of a regression of the annual change 
in operating expenditures (defined as sales less 
operating income after depreciation) on the change in 
operating expenditures for all firms in a three-digit SIC 
code. We estimate the regression using the previous 5 

Compustat 
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years of data.  

TNIC3_Sim Text-based similarity score from Hoberg and Phillips 
(2016) based on the average similarity of firms’ 
product descriptions in the 10-K. Similarity is 
calculated based on Hoberg and Phillips TNIC 
industry classifications. 

Hoberg-
Phillips 
Data 
Library  

Latent Class Assignment Variables 
(Res_)Prob_Class2 The raw probability that an observation belongs to 

class II from the (restricted) latent class analysis 
AA 
Compustat 

(Res_)Class2_High An indicator variable that is equal to one if the 
posterior probability that the observation belongs to 
class II from the (restricted) latent class analysis is the 
highest of the class-specific posterior probabilities, 
zero otherwise.  

AA 
Compustat 

(Res_)Class2_50 An indicator variable that is equal to one if the 
posterior probability that the observation belongs to 
class II from the (restricted) latent class analysis is 
greater than 50%, zero otherwise.  

AA 
Compustat 

Other Variables 
ROA Income before extraordinary items (IB) divided by 

average total assets (AT) 
Compustat 

Loss Indicator variable that is equal to one if income before 
extraordinary items (IB) is negative, zero otherwise 

Compustat 

Bench Indicator variable that is equal to one if income before 
extraordinary items (IB) scaled by lagged total assets is 
between 0.00 and 0.01, or the change in income before 
extraordinary items scaled by lagged total assets is 
between 0.00 and 0.01, zero otherwise  

Compustat 

Segments The natural logarithm of one plus the number of 
business segments 

Compustat 

Growth The percentage change in sales [(SALE/lag SALE ) -1] Compustat 
Risk Inventory plus accounts receivable divided by total 

assets [(INVT+RECT)/AT] 
Compustat 

Leverage Total Debt (DLTT + DLC) divided by total assets Compustat 
BTM Book-to-Market ratio [CEQ / (PRCC_F * CSHO)] Compustat 
Size The natural logarithm of total assets Compustat 
LnSale The natural logarithm of total sales Compustat 
Ind_Complex Indicator variable that is equal to one if the firm is 

active in a complex industry, zero otherwise. Complex 
industries are defined following Francis and Gunn 

Compustat 
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(2015) as a Fama and French 48 industry with AICPA 
or FASB 900 industry-specific guidance (1, 7, 11, 18, 
26, 27, 28, 29, 30, 31, 32, 34, 35, 40, 44, 45, 46, 47) 

NAFEES The natural logarithm of one plus non-audit fees AA 
Compustat 

Tenure The number of years the firm has been an audit client 
of the audit firm 

AA 
Compustat 

BigN An indicator variable that is equal to one if the firm is 
audited by a Big N audit firm.  

AA  

Audit_Lag Natural logarithm of the number of calendar days 
between the end of the fiscal year and the signature 
date in the audit report 

AA  

*AA = Audit Analytics 



36 
 

Appendix B 

Entropy Balancing 

Many studies in the accounting and finance literature rely on propensity score matching to 

achieve covariate balance and address issues such as functional form misspecification. 

However, as discussed in Shipman et al. (2015) there are several limitations associated with 

the use of propensity score matching techniques. These relate to the sensitivity of the 

estimates to researcher-made design choices and the usual loss of observations which reduces 

the power of the tests, increases the risk of Type 2 errors, and limits the external validity of 

the observed treatment effects. Hainmueller (2011) introduces entropy balancing as a 

generalization of commonly used matching approaches that overcomes many of these 

limitations and that has several benefits over the use of traditional propensity score matching 

techniques. Entropy balancing has gained increased traction, with recent studies applying 

entropy balancing techniques in accounting as well. For example, McMullin and Schonberger 

(2018) use entropy balancing to adjust for inherent accrual determinants and obtain better 

estimates of discretionary accruals.    

Whereas propensity score matching (PSM) techniques aim to create covariance balance 

by first estimating a model that predicts treatment and then matching observations based on 

the closest propensity score, entropy balancing does not rely on treatment models. In contrast 

entropy balancing directly uses the information that is available about the sample moments 

and the balance constraints imposed on them. Specifically, after specifying the sample 

moments to balance (mean, variance, and skewness), the set of variables on which to achieve 

covariate balance (i.e., the predictors of treatment in the PSM specification), and the 

tolerance level (the maximum difference in any variable across treated and untreated 

observations), the entropy balancing algorithm will reweigh the sample to create covariate 

balance on the moments that were specified and within the maximum tolerance level. As 
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such, an important difference between the two approaches is that whereas with propensity 

score matching observations are either included (weight equal to one) or completely 

discarded (weight equal to zero), entropy balanced weights are continuous and can be less 

than unity.  

The fact that the original base weights form the starting point from which the adjusted 

weights are calculated and the greater flexibility in determining the adjusted weights (1) 

results in a lower risk of remaining covariate imbalances, (2) ensures that one can achieve 

covariate balance on variance and skewness as well, and (3) makes the observed treatment 

effects less sensitive to small changes in the research design. Moreover, by keeping a greater 

number of observations in the reweighted sample, efficiency is increased and subsequent 

testing is less likely to suffer from a lack of power, thereby increasing the external validity of 

the treatment effects measured.   
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Appendix C 

Latent Class Analysis 

Larcker and Richardson (2004) contains an excellent discussion of latent class analysis and its 

benefits, but below we provide a short overview of the mechanism behind latent class mixture 

regressions. Generally, latent class models can be used to classify observations into groups of 

ex-ante unknown clusters or classes, with the classes being determined based on the similarity 

of the observed relations. For example, assume we have the following simple model in which 

we estimate the relation between the dependent variable Y and the independent variable X: 

Yi,t = β0 + β1Xi,t + ɛi,t 

The latent class mixture analysis allows us to investigate whether the relation between Y and 

X is uniform across the entire sample (i.e., there is only one cluster and only one relation 

between Y and X), or whether we can classify the sample into homogeneous clusters based on 

(differences in) the relation between Y and X. For example, if we specify a model with three 

classes (and if such a model is descriptive of economic reality), we obtain three classes, each 

of which will have a different relation between Y and X (and potentially also the intercept β0). 

For each observation, the model calculates (using Bayes Theorem) a probability of class 

membership for each of the classes estimated.  

Referring to the example above with three classes, for every observation i,t the model 

will calculate a probability that the observation belongs to class 1, 2, and 3. The observation 

can then be assigned to one of the classes, based on for example the highest probability. 

Moreover, differences in the probability that the observation belongs to each of the classes 

can be informative about the uncertainty of class assignment. For example, an observation 

with probabilities of 80%, 10%, and 10% can be classified with more certainty into class 1 

than an observation with probabilities of 40%, 35%, and 25%. After having determined the 

number of clusters, the probabilities of each observation-cluster combination, and the 
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assignment of an observation to a particular cluster, one can determine the factors that are 

associated with (the probability of being in) a cluster. As a consequence, latent class analysis 

does not only identify different latent classes in a sample, but also allows for investigating 

factors that are associated with being in a particular class. Moreover, this approach is more 

flexible and well-suited to deal with for example nonlinear relations (see also Larcker and 

Richardson 2004).  

In the example above, we simply assumed the existence of three classes. However, the 

optimal number of classes is ex-ante unknown. Hence, one would typically run the above 

model multiple times, each time assuming a different number of classes. The Akaike 

Information Criterion (AIC) is then used to determine the appropriate number of classes.         

In our setting, we rerun the following model in a latent class mixture regression 

structure, assuming the existence of one, two, or three classes: 

     

, , , _ , 	 , ∗ _ ,

, ∗ _ , ,  

 

Based on the AIC, we find that the model assuming three classes has the lowest AIC and thus 

best reflects the underlying relations in our sample. We specify the model in such a way that 

the underlying class probability is calculated based on the interaction of accruals and industry 

specialist auditors only (i.e., β5). As a robustness test, we use an alternative latent class 

mixture regression in which we restrict the coefficients on CFOt, ACCt, IndLeader_Fee, and 

CFOt*IndLeader_Fee to be the same across classes. In doing so, we only allow the intercept 

and the interaction of ACC and IndLeader_Fee to differ across classes. This test more closely 

resembles a latent class analysis with only one independent variable (as for example in 

Larcker and Richardson 2004). 
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TABLE 1 
Descriptive Statistics 

Panel A: Summary Statistics             

Variable N Mean Median SD Min 25% 75% Max 
CFOt+1 56,278 0.050 0.068 0.150 -1.242 0.014 0.124 0.477 
CFOt 56,278 0.051 0.068 0.148 -1.158 0.014 0.125 0.498 
ACCt 56,278 -0.063 -0.046 0.107 -1.306 -0.094 -0.011 0.426 
IndLeader_Fee 56,278 0.247 0.000 0.431 0.000 0.000 0.000 1.000 
BigN 54,368 0.785 1.000 0.411 0.000 1.000 1.000 1.000 
Size 54,368 6.464 6.455 2.126 -1.802 4.971 7.871 14.761 
BTM 54,368 0.662 0.517 0.700 -3.376 0.291 0.839 7.954 
Leverage 54,368 0.224 0.174 0.218 0.000 0.030 0.352 0.979 
Risk 54,368 0.279 0.227 0.223 0.000 0.093 0.410 0.882 
Growth 54,368 0.137 0.068 0.440 -0.842 -0.031 0.197 5.635 
Segments 54,368 0.946 0.693 0.572 0.000 0.693 1.386 2.485 
LnSale 54,368 5.863 5.900 2.221 -6.908 4.367 7.359 13.089 
ROA 54,368 -0.011 0.025 0.168 -0.840 -0.015 0.067 0.248 
Loss 54,368 0.298 0.000 0.458 0.000 0.000 1.000 1.000 
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Panel B: Correlations                        

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) 
(1)CFOt+1 1              

 
              

(2)CFOt 0.790 1             

 (0.00)              
(3)ACCt 0.088 -0.028 1            

 (0.00) (0.00)             
(4)IndLeader_Fee 0.067 0.067 0.005 1           

 (0.00) (0.00) (0.21)            
(5)BigN 0.127 0.123 -0.014 0.308 1          

 (0.00) (0.00) (0.00) (0.00)           
(6)Size 0.305 0.323 0.177 0.192 0.394 1         

 (0.00) (0.00) (0.00) (0.00) (0.15)          
(7)BTM -0.018 -0.026 0.032 -0.042 -0.127 -0.034 1        

 (0.00) (0.00) (0.00) (0.00) (0.00) (0.01)         
(8)Leverage 0.076 0.018 -0.044 0.056 0.113 0.258 -0.081 1       

 (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)        
(9)Risk 0.087 0.036 0.192 -0.078 -0.226 -0.009 0.159 -0.128 1      
 (0.00) (0.00) (0.00) (0.00) (0.00) (0.01) (0.00) (0.00)       
(10)Growth -0.058 -0.067 0.034 -0.006 0.012 -0.030 -0.089 0.001 -0.084 1     
 (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.84) (0.00)      
(11)Segments 0.105 0.101 -0.013 0.053 0.062 0.050 -0.039 0.097 -0.257 -0.007 1    
 (0.00) (0.00) (0.00) (0.22) (0.00) (0.06) (0.00) (0.00) (0.00) (0.11)     
(12)LnSale 0.464 0.472 0.116 0.199 0.433 0.828 -0.094 0.209 -0.023 -0.058 0.239 1   
 (0.00) (0.00) (0.00) (0.15) (0.01) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)    
(13)ROA 0.720 0.812 0.547 0.059 0.093 0.374 -0.008 -0.013 0.147 -0.034 0.065 0.456 1  
  (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)   
(14)Loss -0.455 -0.505 -0.393 -0.053 -0.088 -0.360 -0.360 0.105 0.034 -0.174 -0.011 -0.007 -0.365 -0.667 
 (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.01) (0.07) (0.00) (0.00) (0.00) 
This table presents the descriptive statistics of the main variables used in the cash flow prediction model (model 1) and the propensity score matching and entropy balancing 
specifications. Panel A provides summary statistics and panel B shows the correlations among the variables. The sample includes all firms with available data on Compustat 
and Audit Analytics from 2000 to 2016. CFOt+1, CFOt, and ACCt are truncated at the 0.5th and 99.5th percentile. Other continuous (non-log) variables are winsorized at the 1st 
and 99th percentile. All variables are defined in Appendix A.  
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TABLE 2 
Cash Flow Prediction Model 

This table presents results of the cash flow prediction model (model 1) analyzing the implications of an industry 
specialist auditor on the informativeness of accruals. The sample includes all firms with available data on 
Compustat and Audit Analytics from 2000 to 2016. CFOt+1, CFOt, and ACCt are truncated at the 0.5th and 99.5th 
percentile. Column (1) presents the results controlling for year and industry fixed effects. Column (2) also 
includes firm fixed effects. Column (3) presents the results after propensity score matching, while Column (4) 
presents the findings using entropy balancing (Refer to Appendix B for more information on entropy balancing). 
Standard errors are clustered by firm. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% 
levels, respectively (two-tailed). All variables are defined in Appendix A. 

 

 
 

 
  

 
Base Model 

Firm Fixed 
Effects PSM 

Entropy 
Balancing 

 (1) (2) (3) (4) 

Variables 
Coeff. 
(t-stat) 

Coeff. 
(t-stat) 

Coeff. 
(t-stat) 

Coeff. 
(t-stat) 

Constant 0.015* 0.027 0.027*** 0.016*  
(1.70) (1.55) (6.08) (1.65) 

CFOt 0.778*** 0.352*** 0.783*** 0.783*** 
 (105.48) (28.06) (55.47) (87.35) 
ACCt 0.232*** 0.169*** 0.223*** 0.223*** 
 (28.10) (19.26) (14.47) (23.15) 
IndLeader_Feet 0.000 -0.004* -0.002 -0.002 
 (0.01) (-1.78) (-1.17) (-1.19) 
CFOt *  IndLeader_Feet 0.013 0.024 -0.005 -0.006 
 (0.82) (1.16) (-0.23) (-0.38) 
ACCt*  IndLeader_Feet -0.054*** -0.039** -0.050** -0.048*** 
 (-3.47) (-2.57) (-2.47) (-2.93) 
Year FE YES YES YES YES 
Industry FE YES YES YES YES 
     
N 56,278 56,278 26,274 54,368 
Adj. R2 0.651 0.133 0.636 0.634 
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TABLE 3 
Latent Class Mixture Regression 

This table presents the results of a latent class mixture regression of the cash flow prediction model (model 1). 
The sample includes all firms with available data on Compustat and Audit Analytics from 2000 to 2016. CFOt+1, 
CFOt, and ACCt are truncated at the 0.5th and 99.5th percentile. Average Probability indicates the probability that 
a firm-year observation is in class I, II, or III, where we estimate the probability using the coefficient on ACC * 
IndLeader_Fee only. % of Sample Highest indicates the percentage of firm-year observations assigned to each 
class based on the largest estimated posterior probability. % of Sample > 50 indicates the percentage of firm-year 
observations assigned to each class based on instances where the class-specific posterior probability is greater 
than 50%. If none of the posterior probabilities are greater than 50%, the firm-year observation is not assigned to 
any of the classes. *, **, and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively 
(two-tailed). All variables are defined in Appendix A. 
 

Model: 

CFOt+1 = β0 + β1CFOt + β2ACCt + β3IndLeader_Feet + β4IndLeader_Feet*CFOt + β5IndLeader_Feet*Acct + ɛ 

 
CLASS  

I 
CLASS  

II 
CLASS  

III 

Variables 
Coeff. 

(Z-stat) 
Coeff. 

(Z-stat) 
Coeff. 

(Z-stat) 
Constant 0.000 0.042*** 0.002*** 
 (0.07) (33.81) (4.05) 

CFOt 0.848*** 0.548*** 1.024*** 
 (78.46) (44.30) (110.13) 
ACCt 0.387*** 0.081*** 0.122*** 
 (20.97) (11.01) (10.50) 
IndLeader_Feet -0.008 0.004** 0.001 
 (-1.38) (2.33) (1.54) 
CFOt* IndLeader_Feet 0.040* 0.072*** -0.069*** 
 (1.72) (5.02) (-6.90) 
ACCt* IndLeader_Feet -0.282*** 0.144*** -0.113*** 
 (-7.86) (6.88) (-7.70) 
Year FE NO NO NO 
Industry FE NO NO NO 
N 56,278 56,278 56,278 
    
Average Probability 17.6% 42.5% 39.9% 
% of Sample Highest 10.9% 36.5% 52.6% 
% of Sample > 50 11.2% 35.9% 52.9% 
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TABLE 4 
Latent Class Mixture Regression with Restricted Coefficients 

This table presents the results of a latent class mixture regression of the cash flow prediction model (model 1) in 
which we restrict the coefficients on CFOt, ACCt, IndLeader_Fee, and CFOt*IndLeader_Fee to be the same 
across classes. The sample includes all firms with available data on Compustat and Audit Analytics from 2000 to 
2016. CFOt+1, CFOt, and ACCt are truncated at the 0.5th and 99.5th percentile. Average Probability indicates the 
probability that a firm-year observation is in class I, II, or III, where we estimate the probability using the 
coefficient on ACC * IndLeader_Fee only. % of Sample Highest indicates the percentage of firm-year 
observations assigned to each class based on the largest estimated posterior probability. % of Sample > 50 
indicates the percentage of firm-year observations assigned to each class based on instances where the class-
specific posterior probability is greater than 50%. If none of the posterior probabilities is greater than 50% the 
firm-year observation is not assigned to any of the classes. *, **, and *** indicate statistical significance at the 
10%, 5% and 1% levels, respectively (two-tailed). All variables are defined in Appendix A. 
 

  

Model: 

CFOt+1 = β0 + β1CFOt + β2ACCt + β3IndLeader_Feet + β4IndLeader_Feet*CFOt + β5IndLeader_Feet*Acct + ɛ 

 
CLASS  

I 
CLASS  

II 
CLASS  

III 

Variables 
Coeff. 

(Z-stat) 
Coeff. 

(Z-stat) 
Coeff. 

(Z-stat) 
Constant 0.010 0.020*** -0.008*** 
 (28.55) (32.19) (-2.91) 

CFOt 0.867*** 0.867*** 0.867*** 
 (280.53) (280.53) (280.53) 
ACCt 0.118*** 0.118*** 0.118*** 
 (31.07) (31.07) (31.07) 
IndLeader_Feet 0.002*** 0.002*** 0.002*** 
 (3.29) (3.29) (3.29) 
CFOt*IndLeader_Feet -0.027*** -0.027*** -0.027*** 
 (-4.38) (-4.38) (-4.38) 
ACCt* IndLeader_Feet -0.126*** 0.110*** -0.027 
 (-16.05) (6.24) (-0.86) 
Year FE NO NO NO 
Industry FE NO NO NO 
N 56,278 56,278 56,278 
    
Average Probability 33.4% 51.4% 15.2% 
% of Sample Highest 43.6% 47.6% 8.9% 
% of Sample > 50 43.4% 47.5% 9.1% 
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TABLE 5 
Descriptive Statistics of Variables used in the Determinants Test 

Panel A: Summary Statistics             

Variable N Mean Median SD Min  25% 75% Max 
Prob_Class2 53,110 0.427 0.336 0.253 0.000 0.260 0.646 0.998 
Class2_High 53,110 0.367 0.000 0.482 0.000 0.000 1.000 1.000 
Class2_50 53,110 0.343 0.000 0.475 0.000 0.000 1.000 1.000 
Ind_CFO_Synch 53,110 0.207 0.194 0.083 0.057 0.163 0.227 0.707 
Ind_ACC_Synch 53,110 0.214 0.204 0.078 0.028 0.177 0.232 0.736 
Ind_CAPX_Synch 53,110 0.195 0.180 0.069 0.033 0.145 0.233 0.647 
BJS_Homogeneity 53,110 0.052 0.034 0.062 0.001 0.017 0.060 0.645 
TNIC3_SIM 53,110 7.291 2.222 13.305 1.000 1.284 5.295 97.501 
Ind_Complex 53,110 0.516 1.000 0.500 0.000 0.000 1.000 1.000 
Bench 53,110 0.228 0.000 0.419 0.000 0.000 0.000 1.000 
Loss 53.110 0.301 0.000 0.459 0.000 0.000 1.000 1.000 
ROA 53,110 -0.013 0.024 0.170 -0.840 -0.016 0.067 0.248 
BigN 53,110 0.785 1.000 0.411 0.000 1.000 1.000 1.000 
Audit_Lag 53,110 4.058 4.094 0.360 0.000 3.932 4.290 6.894 
Tenure 53,110 5.436 4.000 3.890 1.000 2.000 8.000 16.000 
NAFEES 53,110 10.993 11.775 3.706 0.000 10.406 13.044 18.231 
Size 53,110 6.452 6.449 2.126 -1.802 4.953 7.868 14.761 
BTM 53,110 0.660 0.516 0.696 -3.376 0.290 0.836 7.954 
Leverage 53,110 0.223 0.172 0.218 0.000 0.029 0.351 0.979 
Risk 53,110 0.279 0.227 0.224 0.000 0.092 0.411 0.882 
Growth 53,110 0.136 0.068 0.443 -0.842 -0.031 0.197 5.635 
Segments 53,110 0.944 0.693 0.572 0.000 0.693 1.386 2.485 
This table presents the descriptive statistics of the variables used in the tests in which we determine the 
(probability of) latent class membership. The sample includes all firms with available data on Compustat and 
Audit Analytics from 2000 to 2016. Continuous (non-log) variables are winsorized at the 1st and 99th percentile. 
All variables are defined in Appendix A.  
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TABLE 6 
Determinants of Being in the Greater Informativeness Group (Class II)  

 Latent Class Assignment Measure 
 (1) (2) (3) (4) 
Variable Prob_Class2 Class2_High Class2_50 Class2_50 
Constant 0.308*** -0.580*** -0.592*** -0.609*** 
 (16.38) (-5.49) (-5.61) (-5.61) 
Ind_CFO_Synch 0.022 -0.116 -0.117 -0.122 

 (0.70) (-0.66) (-0.66) (-0.66) 
Ind_ACC_Synch 0.104*** 0.840*** 0.801*** 0.884*** 

 (2.94) (4.25) (4.04) (4.33) 
Ind_CAPX_Synch 0.143*** 0.769*** 0.689*** 0.763*** 

 (7.17) (7.00) (6.26) (6.73) 
BJS_Homogeneity 0.069*** 0.269** 0.256* 0.299** 

 (3.17) (1.99) (1.88) (2.10) 
TNIC3_Sim -0.003*** -0.020*** -0.020*** -0.021*** 

 (-26.90) (-21.51) (-21.33) (-21.63) 
Ind_Complex -0.001 -0.052*** -0.048*** -0.051*** 
 (-0.38) (-3.15) (-2.91) (-3.01) 
Bench -0.023*** -0.182*** -0.186*** -0.190*** 

 (-8.54) (-10.85) (-10.97) (-11.01) 
Loss 0.031*** 0.189*** 0.178*** 0.195*** 

 (8.42) (9.96) (9.40) (9.98) 
ROA 0.208*** 0.579*** 0.518*** 0.595*** 
 (15.95) (11.15) (10.00) (11.25) 
BigN 0.016*** 0.132*** 0.124*** 0.135*** 

 (3.92) (6.24) (5.89) (6.21) 
Audit_Lag 0.019*** 0.079*** 0.078*** 0.086*** 

 (4.78) (3.83) (3.79) (4.05) 
Tenure -0.001*** -0.011*** -0.011*** -0.012*** 

 (-3.32) (-4.37) (-4.38) (-4.33) 
NAFEES 0.001*** 0.004** 0.005** 0.004** 

 (2.71) (2.14) (2.32) (2.11) 
Size -0.007*** -0.077*** -0.083*** -0.084*** 

 (-7.79) (-14.28) (-15.43) (-14.92) 
BTM 0.005*** -0.017* -0.016 -0.021** 

 (2.67) (-1.68) (-1.62) (-2.00) 
Leverage -0.013* -0.229*** -0.212*** -0.224*** 

 (-1.91) (-6.08) (-5.67) (-5.82) 
Risk 0.109*** 0.453*** 0.478*** 0.476*** 

 (13.68) (11.11) (11.80) (11.37) 
Growth 0.011*** 0.076*** 0.086*** 0.087*** 

 (3.36) (5.54) (6.19) (6.20) 
Segments 0.015*** 0.062*** 0.065*** 0.065*** 

 (5.91) (4.26) (4.37) (4.26) 
Year FE YES YES YES YES 
Industry FE NO NO NO NO 
     
N 53,110 53,110 53,110 50,598 
Adj. / Pseudo R2 0.078 0.069  0.069  0.074 
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This table presents the results of the regressions in which we investigate the determinants of class II membership, 
following the latent class mixture regression presented in Table 3. The sample includes all firms with available 
data on Compustat and Audit Analytics from 2000 to 2016. Prob_Class2 is the raw probability of being in class 
II from the latent class mixture regression presented in Table 3. Class2_High is an indicator variable that is equal 
to one if class II has the largest estimated posterior probability, zero otherwise. Class2_50 is an indicator variable 
that is equal to one if posterior probability that the observation belongs to class II is greater than 50%, zero 
otherwise. Whereas column (1) to column (3) present the results on all available observations, column (4) 
presents the results on a restricted sample in which we exclude observations for which none of the classes have a 
posterior probability greater than 50%. Continuous (non-log) variables are winsorized at the 1st and 99th 
percentile. *, **, and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively (two-
tailed). Standard errors are clustered by firm. All other variables are defined in Appendix A. 
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TABLE 7 
Determinants of Being in the Greater Informativeness Group (Class II)  

 Latent Class Assignment Measure 
 (1) (2) (3) (4) 
Variable Res_Prob_Class2 Res_Class2_High Res_Class2_50 Res_Class2_50 
Constant 0.472*** 0.012 -0.020 -0.008 
 (24.20) (0.11) (-0.18) (-0.07) 
Ind_CFO_Synch -0.000 -0.184 -0.128 -0.134 

 (-0.01) (-1.09) (-0.76) (-0.77) 
Ind_ACC_Synch 0.179*** 1.140*** 1.066*** 1.144*** 

 (5.04) (5.97) (5.60) (5.73) 
Ind_CAPX_Synch 0.147*** 0.780*** 0.782*** 0.776*** 

 (7.12) (6.95) (7.00) (6.68) 
BJS_Homogeneity 0.052** 0.173 0.169 0.187 

 (2.34) (1.31) (1.30) (1.38) 
TNIC3_Sim -0.002*** -0.017*** -0.017*** -0.016*** 

 (-19.15) (-18.67) (-18.62) (-18.54) 
Ind_Complex -0.013*** -0.086*** -0.085*** -0.088*** 
 (-4.07) (-5.27) (-5.25) (-5.23) 
Bench -0.025*** -0.194*** -0.195*** -0.211*** 

 (-8.90) (-11.72) (-11.70) (-12.25) 
Loss 0.052*** 0.239*** 0.240*** 0.245*** 

 (13.89) (12.43) (12.48) (12.40) 
ROA 0.286*** 0.876*** 0.841*** 0.835*** 
 (24.57) (16.84) (16.13) (15.75) 
BigN 0.022*** 0.138*** 0.141*** 0.142*** 

 (5.28) (6.61) (6.74) (6.66) 
Audit_Lag 0.013*** 0.057*** 0.057*** 0.054** 

 (3.16) (2.74) (2.70) (2.47) 
Tenure -0.002*** -0.013*** -0.012*** -0.012*** 

 (-4.50) (-4.97) (-4.83) (-4.63) 
NAFEES 0.000 0.001 0.001 0.002 

 (0.39) (0.39) (0.61) (0.86) 
Size -0.011*** -0.083*** -0.087*** -0.094*** 

 (-10.44) (-14.43) (-15.24) (-16.06) 
BTM -0.007*** -0.058*** -0.060*** -0.065*** 

 (-3.58) (-5.79) (-6.01) (-6.29) 
Leverage -0.036*** -0.252*** -0.256*** -0.258*** 

 (-5.11) (-6.61) (-6.70) (-6.56) 
Risk 0.037*** 0.149*** 0.168*** 0.174*** 

 (4.72) (3.57) (4.05) (4.11) 
Growth -0.001 0.019 0.021 0.026* 

 (-0.22) (1.43) (1.55) (1.89) 
Segments 0.008*** 0.038*** 0.034** 0.037** 

 (2.91) (2.64) (2.36) (2.49) 
Year FE YES YES YES YES 
Industry FE NO NO NO NO 
     
N 53,110 53,110 53,110 50,598 
Adj. / Pseudo R2 0.083 0.073 0.074 0.079 
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This table presents the results of the regressions in which we investigate the determinants of class II membership, 
following the restricted latent class mixture regression presented in Table 4. The sample includes all firms with 
available data on Compustat and Audit Analytics from 2000 to 2016. Res_Prob_Class2 is the raw probability of 
being in class II from the restricted latent class mixture regression presented in Table 4. Res_Class2_High is an 
indicator variable that is equal to one if class II has the largest estimated posterior probability, zero otherwise. 
Res_Class2_50 is an indicator variable that is equal to one if posterior probability that the observation belongs to 
class II is greater than 50%, zero otherwise. Whereas column (1) to column (3) present the results on all available 
observations, column (4) presents the results on a restricted sample in which we exclude observations for which 
none of the classes have a posterior probability greater than 50%. Continuous (non-log) variables are winsorized 
at the 1st and 99th percentile. *, **, and *** indicate statistical significance at the 10%, 5% and 1% levels, 
respectively (two-tailed). Standard errors are clustered by firm. All other variables are defined in Appendix A. 
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TABLE 8 
Robustness Tests: Alternative Industry Specialization Measures 

This table presents results of the cash flow prediction model analyzing the implications of an industry specialist auditor on the informativeness of accruals, using several alternative 
measures of auditor industry specialism. The sample includes all firms with available data on Compustat and Audit Analytics from 2000 to 2016. CFOt+1, CFOt, and ACCt are truncated 
at the 0.5th and 99.5th percentile. Column (1) presents the results of a firm fixed effects specification in which we use the national market share in an industry as measure of industry 
specialism. Column (2) and (3) present the results of a firm fixed effects and entropy balanced specification in which an industry specialist auditor is defined as an auditor with the 
largest national market share in an industry and for which the industry is the most important industry in its client portfolio. Columns (4) to (7) present the results of firm fixed effects and 
entropy balanced specifications in which we define an industry specialist auditor based on a combination of national and city audit market data. Cities are defined using Metropolitan 
Statistical Areas (MSAs). Specifically, we define an industry specialist as an auditor with the largest national and largest city market share (Column (4) and (5)) or, following Bills, Jeter, 
and Stein (2015) as an auditor with a national market share of at least 30% and a city market share of at least 50% (column (6) and (7)). Standard errors are clustered by firm. *, **, and 
*** indicate statistical significance at the 10%, 5%, and 1% levels, respectively (two-tailed). All other variables are defined in Appendix A. 

 
Market 
Share 

National Leader + Portfolio National Leader & MSA Leader 
National Market Share >= 30% & 
MSA Market Share >= 50% (BJS) 

 
Firm Fixed 

Effects 
Firm Fixed 

Effects 
Entropy 

Balancing 
Firm Fixed 

Effects 
Entropy Balancing 

Firm Fixed 
Effects 

Entropy 
Balancing 

 (1) (2) (3) (4) (5) (6) (7) 

Variables 
Coeff. 
(t-stat) 

Coeff. 
(t-stat) 

Coeff. 
(t-stat) 

Coeff. 
(t-stat) 

Coeff. 
(t-stat) 

Coeff. 
(t-stat) 

Coeff. 
(t-stat) 

Constant 0.027 0.027 0.024*** 0.040* 0.013 0.039* 0.024**  
(1.53) (1.54) (3.52) (1.93) (0.79) (1.90) (2.09) 

CFOt 0.350*** 0.355*** 0.819*** 0.356*** 0.795*** 0.360*** 0.819*** 
 (21.57) (29.39) (52.45) (26.17) (89.87) (26.81) (86.81) 
ACCt 0.182*** 0.164*** 0.230*** 0.166*** 0.215*** (0.166)*** 0.249*** 
 (14.28) (20.25) (11.58) (18.31) (21.93) (18.72) (21.22) 
IndSpecialist_Feet -0.007 -0.006* -0.006* -0.005* -0.002 -0.002 -0.000 
 (-0.88) (-1.86) (-1.81) (-1.84) (-0.95) (-0.60) (-0.16) 
CFOt *  IndSpecialist_Feet 0.036 0.044 -0.009 0.022 -0.013 -0.022 -0.038 
 (0.53) (1.28) (-0.28) (0.92) (-0.62) (-0.67) (-1.59) 
ACCt*  IndSpecialist_Feet -0.116** -0.080*** -0.123*** -0.049** -0.046** -0.070** -0.056** 
 (-2.27) (-2.86) (-3.34) (-2.34) (-2.24) (-2.49) (-2.06) 

Year FE YES YES YES YES YES YES YES 
Industry FE YES YES YES YES YES YES YES 
N 56,278 56,278 54,368 46,712 45,120 46,712 45,120 
Adj. R2 0.132 0.133 0.694 0.135 0.652 0.135 0.644 
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TABLE 9 
Robustness Tests: Expanded Cash Flow Prediction Model 

This table presents results of an expanded cash flow prediction model analyzing the implications of an industry 
specialist auditor on the informativeness of accruals. The sample includes all firms with available data on 
Compustat and Audit Analytics from 2000 to 2016. CFOt+1, CFOt, and ACCt are truncated at the 0.5th and 99.5th 
percentile. Column (1) presents the results controlling for year and industry fixed effects. Column (2) also 
includes firm fixed effects. Column (3) presents the results after propensity score matching, while Column (4) 
presents the findings using entropy balancing. Standard errors are clustered by firm. *, **, and *** indicate 
statistical significance at the 10%, 5%, and 1% levels, respectively (two-tailed). All variables are defined in 
Appendix A. 
 

 
Base Model 

Firm Fixed 
Effects PSM 

Entropy 
Balancing 

 (1) (2) (3) (4) 

Variables 
Coeff. 
(t-stat) 

Coeff. 
(t-stat) 

Coeff. 
(t-stat) 

Coeff. 
(t-stat) 

Constant 0.022** 0.031* 0.020** 0.028***  
(2.46) (1.73) (2.09) (4.65) 

CFOt 0.733*** 0.367*** 0.779*** 0.767*** 
 (55.37) (22.72) (54.43) (42.35) 
ACCt 0.310*** 0.277*** 0.328*** 0.323*** 
 (20.30) (17.34) (18.80) (14.78) 
Losst -0.013*** -0.004** -0.011*** -0.013*** 
 (-8.13) (-2.46) (-5.37) (-5.18) 
CFOt * Losst 0.067*** 0.007 0.028 0.049** 
 (4.21) (0.32) (1.57) (2.18) 
ACCt * Losst -0.122*** -0.136*** -0.156*** -0.149*** 
 (-6.96) (-7.14) (-7.57) (-5.80) 
IndLeader_Feet -0.000 -0.004** -0.002 -0.001 
 (-0.29) (-2.02) (-1.19) (-0.50) 
CFOt * IndLeader_Feet 0.019 0.029 -0.005 -0.009 
 (1.21) (1.39) (-0.34) (-0.48) 
ACCt* IndLeader_Feet -0.054*** -0.039*** -0.043*** -0.049** 
 (-3.60) (-2.58) (-2.70) (-2.46) 
Year FE YES YES YES YES 
Industry FE YES YES YES YES 
     
N 56,278 56,278 26,216 54,368 
Adj. R2 0.653 0.137 0.637 0.636 
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