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Abstract
We examine whether narrative discussion in financial disclosures can help corporate 
stakeholders better predict tax outcomes. To measure qualitative discussion, we use 
topic modeling analysis to create measures of the thematic content of 10-K disclo-
sures. We find that qualitative discussion in financial disclosures can substantially 
improve prediction of tax outcomes in in- and out-of-sample tests. We also find 
that prediction-relevant discussion is distributed throughout the 10-K, supporting 
that disclosures should be analyzed holistically rather than examining only limited 
pieces of larger disclosures. Further, we find that analysts often do not use this 
information effectively, resulting in predictable and economically meaningful fore-
cast errors. These findings illustrate the wealth of qualitative information in 10-K 
disclosures for stakeholders concerned about tax outcomes and offer a practical ap-
proach to examining qualitative disclosures and using them to predict tax outcomes.
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Using narrative disclosures to predict tax outcomes

1  Introduction

Corporate income taxes are an important financial statement item for firms around the 
world. They are a critical input into valuation models (Graham et al. 2012; Rajgopal 
2022) and play an important role in corporate decision-making (Graham et al. 2012; 
Jacob 2022) and executive career outcomes and compensation (Armstrong et  al. 
2012; Brown et al. 2016a; Chyz and Gaertner 2018). Corporate taxes also affect the 
behavior of corporate stakeholders, such as analysts and lenders (Hasan et al. 2014; 
Bratten et al. 2017; Platikanova 2017; Isin 2018; He et al. 2020), and are important to 
governments’ funding, budgeting, and policy (Green et al. 2022). Thus, understand-
ing and predicting tax outcomes is important for the decision making of corporate 
stakeholders.

However, understanding firms’ past tax outcomes and current tax circumstances, 
much less predicting future tax outcomes, can be very challenging (Rajgopal 2022). 
Tax returns themselves are typically protected from disclosure, leaving financial 
statements as the primary source of public tax information (Graham et  al. 2012; 
Demeré 2023). Meanwhile, GAAP accounting for income taxes is often noisy, with 
tax accounts being susceptible to manipulation for earnings management objectives 
(Dhaliwal et  al. 2004; Krull 2004; Frank and Rego 2006; Cazier et  al. 2015) and 
subject to one-size-fits-all rules that reduce the relevance of tax numbers (Robinson 
et al. 2016). Tax disclosures can also be opaque, particularly when firms engage in 
substantial tax planning that might draw scrutiny from tax authorities or incur repu-
tational costs (Ayers et al. 2015; Chen et al. 2018; Inger et al. 2018; Balakrishnan 
et al. 2019; Nguyen 2021; Chychyla et al. 2022; Richter et al. 2024). In these circum-
stances, nontax disclosures may better illuminate firms’ tax outcomes, and consider-
able research has examined quantitative nontax factors that can explain tax outcomes 
(Wilde and Wilson 2018; Guenther et al. 2023). However, quantitative disclosures 
are only a small portion of firms’ financial statement disclosures. We examine the 
extent to which the narrative content of firms’ qualitative textual disclosures can also 
help corporate stakeholders better predict tax outcomes.

Accounting research examining the narrative content of firms’ qualitative disclo-
sures is relatively new (Bochkay et al. 2023) but already shows that they have value 
relevance and can be used to detect financial misreporting (Campbell et  al. 2014; 
Brown et al. 2020). However, it is unclear how much the narrative content of firms’ 
qualitative disclosures can aid stakeholders in anticipating tax outcomes. On one 
hand, the length and potential richness of qualitative disclosures may contain value-
relevant information that can aid stakeholders in understanding firms’ tax functions 
and predicting future tax outcomes. On the other hand, firms may strategically limit 
the informativeness of qualitative discussions with tax implications to minimize the 
information available to adversarial tax authorities or competitors (Graham et  al. 
2012; Kubick et al. 2015; Donohoe et al. 2022). Research indicates that firms often 
use vague, boilerplate language in their disclosures, particularly when faced with 
proprietary costs and judicial and regulatory review (Hope et al. 2016; Cazier et al. 
2021). Given the significant presence of these costs in the tax setting, it is unsurpris-
ing that research finds that tax-specific language in financial statements is particularly 
likely to be highly standardized (Bernard et al. 2023) and that tax executives often 
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use vague language in tax footnotes to limit the information available to tax authori-
ties (Richter et al. 2024).

We begin our study by downloading all 10-K filings from the period of 2006 
through 2019. We then use a variant of Latent Dirichlet Allocation (LDA) (Blei et al. 
2003; Chen et al. 2015) to estimate the narrative topics discussed in each item of each 
10-K. LDA is an established method of analyzing text (Dyer et al. 2017; Huang et al. 
2018; Brown et al. 2020). Our machine-learning approach identifies general discus-
sion topics and produces a measure of the proportion of each 10-K or 10-K item that 
is composed of each topic.

We then examine whether our qualitative discussion topic measures can improve 
the in-sample prediction of a key tax outcome: the cash effective tax rate (ETR) 
(Dyreng et  al. 2008; Brown et  al. 2016a). We find that general discussion topics 
have strong predictive power for cash ETRs for the future three years incremental to 
numerous previously used quantitative measures of cash ETR determinants. In par-
ticular, discussions about (1) governance that could constrain tax planning, (2) risks 
that can increase the nontax costs of tax planning, (3) complex transactions, and (4) 
complex organizational structures seem to be particularly informative. Economically, 
a standard deviation increase in the proportion of a 10-K devoted to a single one of 
these topics is associated with cash ETR deviations of up to 5.1% of the mean cash 
ETR, equivalent to approximately $6.6 million in cash taxes paid.

We also run out-of-sample analyses to ensure that stakeholders can use qualita-
tive discussion topic measures to predict tax outcomes in a practical manner. Using 
a commonly used machine learning method known as extreme gradient boosting 
(XGBoost) (Chen et al. 2022; Campbell et al. 2023; Geertsema and Lu 2023; Guen-
ther et al. 2023), we find that incorporating qualitative discussion topics significantly 
improves the performance of cash ETR prediction models by substantially reducing 
the out-of-sample root mean square error (RMSE). These results are incremental to 
numerous established quantitative cash ETR determinants and lagged cash ETRs. 
The reduction in RMSE ranges from 57% to 62%, which is economically meaningful.

We next explore whether the prediction-relevant discussion is concentrated within 
a particular 10-K item or is spread throughout the 10-K. Research has examined tax 
keyword searches within narrow portions of the 10-K, such as risk factor disclosures 
(Item 1 A) or tax footnotes (Balakrishnan et al. 2019; Campbell et al. 2019; Luo et al. 
2024). We find that narrative discussion that is relevant to tax outcome prediction can 
be found throughout the 10-K. These findings provide novel evidence that qualitative 
discussions throughout the 10-K can provide unique and value-relevant information 
to stakeholders and suggest that research and stakeholders focusing on narrow sub-
sets of 10-K disclosure likely miss considerable information.

While our evidence supports the idea that qualitative discussion topics contain 
useful information for predicting tax outcomes, it is unclear whether corporate stake-
holders are aware of and using this information. As such, we also examine whether 
analysts’ tax forecast accuracy is associated with qualitative discussion topics. We 
find that analysts react to some of the information in narrative discussions, but also 
that a number of topics (e.g., executive pay, operating trends, financial reporting of 
intangibles) are significantly associated with reduced analyst forecast accuracy, indi-
cating that analysts are not appropriately using this information in their forecasts. 
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Economically, a standard deviation increase in the proportion of a 10-K devoted to 
one of these individual topics is associated with analyst forecast errors equivalent to 
4.1% to 38.4% of the mean forecast error.

As a final analysis, we find that our results are largely consistent when examin-
ing alternative tax outcome variables, such as GAAP ETRs and settlements with tax 
authorities. As such, our research can benefit corporate stakeholders who want to use 
tax metrics other than the cash ETR in their decision-making.

Our study provides two substantial contributions to tax accounting research. First, 
by showing that narrative topics in the 10-K can be used to predict tax outcomes, 
we document an important source of qualitative information that can be used to 
evaluate and predict tax outcomes in addition to quantitative measures examined in 
prior research (Wilde and Wilson 2018; Guenther et al. 2023). Second, while some 
research suggests that investors and analysts can use qualitative tax-specific disclo-
sures (Luo et al. 2024; Burd et al. 2023), we show that analysts do not appropriately 
use the information in broad qualitative disclosures, leading to substantial and pre-
dictable tax forecast errors.

We also contribute to research on qualitative disclosures. In particular, our evi-
dence that prediction-relevant discussion is found throughout the 10-K and that many 
10-K items contain unique prediction-relevant discussion illustrates the wealth of 
qualitative information in 10-Ks. These results should also encourage future research 
on qualitative disclosures to examine disclosures holistically using the approach we 
describe here, rather than focusing only on single pieces of the 10-K, such as risk 
factor disclosures, management discussion and analysis, or individual footnotes. Our 
study also offers an example of how narrative disclosures can be used for prediction 
that can guide future research that uses qualitative information to predict important 
firm outcomes beyond taxes.

Finally, our research can practically benefit corporate stakeholders interested in tax 
outcomes. Notably, we describe a practical method for deriving prediction-relevant 
information from 10-K disclosures that can be used to improve tax forecasts. This 
method involves (1) using the processes described here to calculate topic measures 
for 10-Ks and (2) using our evidence on which topics are most relevant to predicting 
tax outcomes to evaluate when a specific firm’s narratives indicate that cash ETRs 
or other tax outcomes are likely to be higher or lower than a prediction model based 
solely on quantitative information would indicate. Our evidence that narrative dis-
closure can predict analyst forecast errors supports the notion that even sophisticated 
stakeholders may benefit from applying our methodology.1 This practical approach 

1 Informal discussions with analysts indicate that they often read narrative disclosures to refine their fore-
casts, consistent with research showing that analysts use the 10-K and that their forecast accuracy is 
affected by 10-K readability (Bozanic and Thevenot 2015; Brown et al. 2016b). Our discussions indicate 
that analysts will often look beyond the tax footnote (e.g., examining discussions about mergers, regula-
tory exposure, geographic footprints) to inform their tax forecasts. However, reading narrative disclo-
sures entails effort and time, especially when analyzing multiple firms. Further, analysts acknowledged 
that their interpretations require judgment and can be imprecise and raised concerns that boilerplate lan-
guage and spin from management make discerning novel information challenging. Our method for sum-
marizing the narrative content of 10-K disclosures offers a structured alternative that reduces effort while 
enhancing precision. Our evidence that 10-K narrative topics can also substantially improve predictions 
of tax outcomes indicates that our methodology can help stakeholders see beyond boilerplate and spin.
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can also benefit regulators and tax authorities, as we document that narrative discus-
sion in 10-Ks can be helpful in evaluating firms’ tax planning and can even provide 
guidance in identifying firms with unsustainable tax positions.

2  Background and theory

2.1  Income tax outcomes

Corporate income tax outcomes are very important to the decisions of a variety of 
corporate stakeholders (Kim et al. 2011; Hasan et al. 2014; Brown et al. 2016a; Goh 
et al. 2016; Bratten et al. 2017; Graham et al. 2017; Chyz and Gaertner 2018; Doell-
man et  al. 2020; He et  al. 2020; Green et  al. 2022). While there may be several 
specific outcomes that stakeholders care about, ETRs are considered one of the most 
important (Graham et al. 2014; Brown et al. 2016a; Demeré et al. 2024). As such, 
considerable research examines their determinants, primarily with the objective of 
understanding the causal factors that affect them (Hanlon and Heitzman 2010; Lietz 
2013). To provide context to the many documented factors, Wilde and Wilson (2018) 
develop a conceptual framework that organizes tax outcome determinants into three 
major categories: agency factors, implementation factors, and outcome factors.

Agency factors are those that affect the alignment of different stakeholders’ inter-
ests. For example, managers may have different tax planning preferences than share-
holders, which can create agency costs, such as managers engaging in insufficient 
tax planning because they do not want to bear the risk of tax authority scrutiny or 
managers engaging in excessive tax avoidance to build reserves they can extract rents 
from (Chen and Chu 2005; Desai and Dharmapala 2006).2 Research indicates that 
executive compensation incentives (Robinson et al. 2010; Rego and Wilson 2012; 
Chi et al. 2017; Chyz and Gaertner 2018; Caglio et al. 2022), individual executive 
characteristics (Boone et  al. 2013; Chyz 2013; Olsen and Stekelberg 2016; Koes-
ter et al. 2017), and corporate governance controls (Brown 2011; Brown and Drake 
2014; Armstrong et al. 2015; Khan et al. 2017; Gallemore et al. 2019) can all affect 
tax outcomes by affecting the alignment of managers’ tax planning behavior with the 
interests of shareholders and other stakeholders.

While agency factors address a single important cost, implementation factors 
encompass a variety of firm attributes and operating environment features that shape 
firms’ economic fundamentals and their impact on tax outcomes. Firm attributes are 
economic characteristics of firms that can affect tax outcomes by providing oppor-
tunities for tax planning, introducing tax planning frictions, and changing firms’ 
cost-benefit trade-offs for particular tax strategies. These firm attributes include such 
factors as firm size, multinational operations, business strategies, entity structures, 
and financial constraints (Zimmerman 1983; Rego 2003; Dyreng and Lindsey 2009; 
Higgins et al. 2015; Edwards et al. 2016; Demeré et al. 2020; Campbell et al. 2021). 

2 The primary focus in prior tax accounting research is on the interest alignment of managers and share-
holders, although manager-employee, shareholder-lender, and other dual-interest alignments can also 
affect tax outcomes.
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Firms’ operating environments can also significantly affect tax outcomes. Relevant 
factors include competition (Kubick et al. 2015), macroeconomic conditions (Kim 
et al. 2022), corruption (Al-Hadi et al. 2022), litigation risk (Arena et al. 2021), and 
foreign exchange risk (Deng 2020). Financial reporting pressures are another impor-
tant operating environment characteristic that can substantially affect tax outcomes 
when firms (a) engage in additional tax avoidance to reduce tax expense and thus 
increase after-tax earnings (Lisowsky 2010; Klassen and Laplante 2012), (b) manipu-
late tax accruals to manage earnings (Krull 2004; Frank and Rego 2006; Cazier et al. 
2015), or (c) pay additional taxes on manipulated earnings (Erickson et  al. 2004; 
Morrow and Ricketts 2014).

Unlike agency and implementation factors, which affect tax outcomes ex ante, 
outcome factors influence tax planning by affecting the anticipated ex post costs of 
reporting a particular tax outcome. A significant outcome factor is regulation and 
oversight by regulators. Firms that take aggressive tax positions or use tax accruals 
to manipulate earnings may face tax authority audits or financial regulator investiga-
tions and may bear the costs of, for example, having tax positions overturned, being 
required to restate financial statements, or paying interest, penalties, and fines. As 
such, firms consider the expected value of these costs when evaluating tax positions 
and tax reporting (Hoopes et al. 2012; Kubick et al. 2016, 2017). Political, market, 
and reputational costs are other outcome factors that can substantially affect tax out-
comes. Managers claim that reputational costs are one of the most important consid-
erations in tax planning (Graham et al. 2014), and empirical evidence suggests that 
firms can face reputational damage and customer backlash when their tax outcomes 
indicate tax avoidance in a manner perceived to be aggressive or unfair (Hanlon and 
Slemrod 2009; Mills et al. 2013; Dyreng et al. 2016; Austin and Wilson 2017; Dhali-
wal et al. 2022). Like customers, employees often react ex post to the tax planning 
choices of the tax department and upper managers, with evidence suggesting that 
they often view aggressive tax avoidance negatively (Chyz et al. 2013; Wilde 2017; 
Lee et al. 2021).

2.2  Text and narrative disclosures

Considerable research in accounting examines descriptive features of qualitative dis-
closures, such as length, tone/sentiment, readability, similarity, and embedded quan-
titative content (Li 2008; Brown and Tucker 2011; Rogers et al. 2011; Loughran and 
McDonald 2014, 2016; Lang and Stice-Lawrence 2015; Hutchens 2017; Crowley 
and Wong 2022; Bochkay et al. 2023). While these features of qualitative disclosures 
can richly describe how firms speak in disclosures, they often miss out on the con-
tent of what firms actually disclose (Loughran and McDonald 2016). Some recent 
accounting research goes further to examine what firms are saying in their qualitative 
disclosures (Brown et al. 2020). This research typically takes one of two approaches: 
(a) using word counts to evaluate text subject to predetermined word dictionaries 
(Kothari et al. 2009; Loughran and McDonald 2011) or machine learning techniques 
(Basu et al. 2022) or (b) using natural language processing to determine latent topics 
of discussion (Dyer et al. 2017; Hoberg and Lewis 2017; Huang et al. 2018; Brown 
et al. 2020).

1 3

379



O. Bogachek et al.

Research examining the narrative topics in qualitative disclosures finds that these top-
ics respond to major changes in financial accounting and reporting standards (Dyer et al. 
2017) and regulator oversight (Lowry et al. 2020). Discussions of certain topics can also 
illuminate firm risks and financial misreporting (Bao and Datta 2014; Campbell et al. 
2014; Brown et al. 2020; Donovan et al. 2021). However, research on narrative topics 
in accounting is still in its early stages (Bochkay et al. 2023), and researchers know little 
about how topical discussion in firm disclosures can be used by corporate stakeholders.

2.3  Theoretical development

Given the importance of corporate income tax outcomes to corporate stakeholders 
(Brown et al. 2016a; Bratten et al. 2017; Chyz and Gaertner 2018; He et al. 2020), 
particularly for firm valuation (Graham et  al. 2012; Inger 2014; Goh et  al. 2016; 
Rajgopal 2022), predicting tax outcomes is very important to the decisions of many 
stakeholders. To predict tax outcomes, stakeholders can use quantitative information 
on past tax outcomes (e.g., ETRs; Dyreng et al. 2008; Guenther et al. 2023; Demeré 
et  al. 2024) or models of tax outcome determinants (Hanlon and Heitzman 2010; 
Wilde and Wilson 2018). However, these quantitative metrics only represent a por-
tion of the content in corporate disclosures, as qualitative discussions can contain 
significant incremental information (Brown et al. 2020; Burd et al. 2023).

Some research has begun to touch on the value of qualitative tax information. For 
example, Campbell et al. (2019) find that the presence of certain tax keywords in risk 
factor disclosures (i.e., 10-K Item 1A) can predict cash ETRs. Concurrent studies 
also examine tax footnotes and find that the presence of certain keywords and textual 
characteristics can affect stakeholder processing of tax information (Hutchens 2017; 
Luo et al. 2024). Stakeholders also appear to pay attention to qualitative discussions 
of quantitative disclosures with tax-related XBRL tags (Burd et al. 2023). Further, in 
a concurrent working paper, Jennings et al. (2020) show that tax-related language in 
the management discussion and analysis (10-K Item 7) and tax footnote can improve 
predictions of the likelihood of a firm experiencing a tax settlement.3 In total, these 
studies suggest that stakeholders use the tax-specific discussion in certain limited 
pieces of disclosure to understand tax outcomes.

However, by focusing only on the tax-specific discussion within narrow portions 
of the 10-K, these studies do not consider most of the qualitative disclosure in that 
filing. For example, the average firm has an average of less than four tax mentions in 
Item 1A of the 10-K that are the focus of Campbell et al. (2019). Similarly, the aver-
age firm has an average of less than 25 sentences discussing tax numbers per 10-K, the 
focus of Burd et al. (2023). The qualitative disclosure outside tax footnotes and lim-
ited tax sentences is extensive and could contain substantial information about items 
that, although not explicitly related to a tax keyword, might influence tax outcomes. 
Specifically, if this qualitative disclosure can provide information about tax outcome 

3 In contrast to Jennings et al. (2020), we examine (a) tax outcomes besides the likelihood of having a tax 
settlement, (b) a much wider array of qualitative disclosures that have incremental information content 
beyond what is found in tax-specific discussion in Item 7 and the tax footnote, and (c) whether and how 
stakeholders use qualitative information.
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determinants or how they might map into tax outcomes (e.g., Wilde and Wilson 2018), 
then it could be very informative to the prediction of tax outcomes. For example, a 
discussion of internal controls may reveal corporate governance strategies and culture 
that could constrain tax aggressiveness, while a discussion of firms’ legal structure 
and use of partnerships may indicate the presence of of special purpose entities or 
structures that can facilitate future tax savings through cross-border income shifting.

But there are also reasons to question the amount of useful information for predict-
ing tax outcomes in the 10-K. First, because these topics are not necessarily tax-spe-
cific and can only inform about tax outcomes indirectly, they may not have substantial 
information content for tax outcomes. Second, firms may strategically manage their 
qualitative discussions to limit the informativeness for tax outcomes. Because tax 
benefits and planning can offer competitive advantages (Kubick et al. 2015; Donohoe 
et  al. 2022), disclosures that provide tax information may help competitors adopt 
similar tax strategies and cut into a firm’s competitive tax advantage or may help 
competitors identify when a firm might face increased tax costs and thus be less able 
to respond to competitive actions. Additionally, disclosures that provide information 
about tax outcomes may be used by adversarial tax authorities to select firms or tax 
positions for costly tax audits (Mills 1998; Graham et al. 2012; Bozanic et al. 2017). 
These forces provide strong incentives for firms to strategically manage their qualita-
tive disclosures to limit their informativeness for taxes, consistent with evidence that 
firms will use vague boilerplate language in disclosures when faced with proprietary 
costs and judicial and regulatory review (Hope et al. 2016; Cazier et al. 2021) and 
that firms will make tax disclosure formatting more opaque when facing greater risk 
of tax authority scrutiny (Chychyla et al. 2022; Flagmeier et al. 2023). Third, tax dis-
closures tend to be highly standardized and subject to one-size-fits-all rules that can 
limit informativeness (Robinson et al. 2016; Bernard et al. 2023). While this might 
mean that narrative discussion that is not tax-specific will be even more informative 
than tax-specific disclosures, the standardization tendencies of financial accounting 
standards may also limit the amount of tax-relevant information that can be gleaned 
from narratives. Fourth, even if the narrative does contain information regarding tax 
outcomes, it may not be incremental to that already contained in key quantitative tax 
metrics, such as past tax outcomes. As such, it is important to document the extent to 
which narrative disclosures can help stakeholders better predict tax outcomes.

3  Research design

3.1  Textual data

Our textual data comes from U.S. public firms’ annual report (Form 10-K) filings 
from 2006 through 2019.4 We begin our sample in 2006, as this is the first full year 

4 We download 10-K reports as Stage One 10-X Parse Data from the Software Repository for Accounting 
and Finance of the University of Notre Dame (Loughran and McDonald 2016). This repository provides 
10-Ks after removal of extraneous text, such as HTML tags, non-ASCII characters, and tables, which 
helps ensure consistent machine-readable content for textual analysis. A detailed description of the pre-
processing steps is provided at ​h​t​t​p​s​:​​​/​​/​s​r​a​​f​.​n​​d​.​e​​d​u​​/​d​a​​t​a​​/​s​t​​a​g​​e​-​​o​n​​​e​-​​1​0​​-​x​-​​p​a​r​s​e​-​d​a​t​a​/​.
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after the Securities and Exchange Commission (SEC) mandated risk factor disclo-
sures (i.e., Item 1A), which guarantees a consistent number of 10-K items throughout 
the sample period. We then individually extract all 20 items in the annual reports and 
estimate a series of topic models at the item level. A description of our pre-processing 
steps is reported in Online Appendix OA-A.I. After generating our topic and textual 
measures, we merge the 10-K sample with Compustat.

3.2  Identification of thematic content

To measure qualitative disclosure content, we use a topic modeling approach based 
on a variant of LDA (Blei et al., 2003; Chen et al., 2015). LDA automatically discov-
ers the topics contained within a collection of documents in an intuitive manner with-
out requiring many assumptions (Dyer et al. 2017; Huang et al. 2018; Brown et al. 
2020).5 It treats a document as a mixture of a finite number of unobserved (i.e., latent) 
groups, which are called topics. An LDA topic is a collection of words or groups of 
words that share a theme. For example, a potential 10-K topic might include words 
like “price,” “stock,” and “security,” reflecting a discussion of the stock market, while 
another topic could focus on an industry theme by gathering words like “integrate,” 
“circuit,” and “semiconductor.” To better capture topical context and facilitate inter-
pretability, we use bigrams as the basic components of our model (Wang et al. 2007).6 
Each related bigram collectively contributes to the thematic content of a topic.

The final output of the LDA model is represented by a document-topic-weights 
matrix (DTW), where each entry indicates the estimated proportion of a specific topic 
within each document. For example, an LDA model with 10 topics will produce a 
10-topic DTW with each topic within a document being assigned a value between 
0 and 1 and the topic values for a given document summing to 1. This reflects the 
proportion of content related to each topic within each document. For example, a 
proportion of 0.16 for topic A indicates that 16% of the document pertains to topic A. 
The DTW is what we use when constructing our topic measures, so that each topic 
variable will have a value between 0 and 1 for each observation, with the value repre-
senting the proportion of the document’s text that discusses this topic.7

5 We provide a detailed discussion of the method in Online Appendix OA-A.II.
6 A bigram is formed by two consecutive words (or tokens) in the document. After removing stopwords and 
punctuation, a sentence like “The company contracts with numerous third parties to offer their digital content 
to customers” is decomposed into such bigrams as “company_contracts,” “contracts_numerous,” “numer-
ous_third,” “third_parties,” “parties_offer,” “offer_digital,” “digital_content,” and “content_customers.”

7 LDA also generates a topic-word-weights matrix (TWW), which represents the estimated probability 
of each word or bigram appearing in a particular topic. This matrix is instrumental in identifying the 
words or bigrams that most strongly characterize each topic, as those with the highest probabilities are 
considered the most indicative of the topic’s content. By analyzing the TWW matrix, we can pinpoint 
key bigrams and use them to assign an intuitive label to each topic, as detailed in Online Appendix OA-B 
Table B1. This labeling approach follows Brown et al. (2020), who note that interpreting and labeling 
LDA topics requires human judgment.
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We estimate a topic model at the 10-K item level, which allows us to determine 
the proportion of each topic in each 10-K item.8 Since the primary input parameter 
required by LDA is the number of topics, we estimate a series of models ranging 
from 20 to 200 topics in increments of 20.9 The choice of the final number of topics 
is usually guided by a combination of the researchers’ domain knowledge and formal 
statistical tools. While we use our own domain knowledge and the Blei et al. (2003) 
perplexity measure, we primarily rely on the OpTop measure of Lewis and Grossetti 
(2022) because it removes the subjectivity that accompanies interpreting perplexity 
charts and bases our inferences on a formal statistical test.10 We conclude that an 
80-topic model gives the best balance of statistical power and topic interpretability.11 
However, because the 80 topic variables sum to 1 due to the multinomial nature of 
LDA, we have to omit some topics to avoid perfect multicollinearity. Following prior 
research (e.g., Brown et al. 2020), we omit topics that appear to be industry-specific 
and thus more likely to be collinear with industry fixed effects, leaving us with 54 
topic variables.

To understand the variation in our topic variables, we plot the distribution of topic 
proportions (i.e., the percentage of the 10-K composed of discussion about a topic) 
across 10-Ks in Fig. 1. For ease of presentation in this figure, we aggregate our topic 
variables into three categories following the framework of Wilde and Wilson (2018), 
with the aggregation provided in Column (2) of Online Appendix Table B1. Each 
panel represents the distribution of a given topic aggregate (i.e., the proportion of 
qualitative discussion in a 10-K that is about a topic aggregate) across our sample 
of 10-Ks. These panels illustrate that there is substantial variability in the amount of 
emphasis that 10-Ks give to each topic.

8 Estimating at the 10-K item level greatly increases the sample size to more than 2 million documents. 
This large collection of documents poses computational challenges, as the classic LDA developed by Blei 
et al. (2003) cannot handle such dimensionality. As such, we use a cache-efficient LDA implementation 
called WarpLDA (Chen et al. 2015) to facilitate estimation. The method proposed by Chen et al. (2015) 
replaces collapsed Gibbs sampling with Monte-Carlo expectation maximization while maintaining the 
same working principle as Blei et al. (2003).

9 We estimate our LDA model using optimized hyperparameter values of α (the DTW Dirichlet prior) 
equal to 0.1 and β (the TWW Dirichlet prior) equal to 0.001. We determined these values through a grid-
search approach (Kuhn and Frick 2024), which prevents arbitrary tuning and ensures that our topic model 
captures meaningful data structures. This approach also follows established practices in machine learning 
and statistics research (e.g., Hastie et al. 2009).

10 Lewis and Grossetti (2022) show how the perplexity measure, used by Dyer et al. (2017) and Huang 
et al. (2018), often overestimates the optimal number of LDA topics.
11 OpTop is a fully parametric chi-square statistic test of whether the observed distribution of words in a 
document is statistically similar to the distribution predicted by a K-topic LDA model (Lewis and Grossetti 
2022). By evaluating models with different numbers of topics (in our case, a sequence k = 20, . . . , 200 
in increments of 20), the chi-square statistic identifies as optimal the range of K-topic models for which 
we cannot reject the hypothesis that the observed and estimated word distributions are identical, indicat-
ing a good fit. Within the range of optimal K-topic models, 80 topics was a round number that, when we 
reviewed the LDA output, produced topics that could be clearly understood and labeled and thus that have 
high human interpretability and could be easily used by stakeholders. In addition, following Dyer et al. 
(2017), we execute a word intrusion task by extracting nine words suggested by the model as pertaining to 
a given topic and one intruder. We conducted this task manually, and the results give us confidence about 
the model’s ability to correctly cluster topics.
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3.3  In-sample empirical design

To evaluate the ability of narrative discussion topics in 10-Ks to predict future cor-
porate income tax outcomes, we begin by estimating the following in-sample OLS 
regressions for firm i at time t:

	
Cash ETRi,t+τ = γ0 +

L∑
l=1

γlControlsitl + εit, � (1)

	
Cash ETRi,t+τ = β0 +

K∑
k=1

βkTopicitk +
L∑

l=1

θlControlsitl + εit, � (2)

where Cash ETRi,t+τ  is the cash ETR (i.e., cash taxes paid divided by pretax 
income) measured for firm i at year t + τ , where τ  is alternately one, two, or three 
fiscal years ahead. We focus on the Cash ETR, given evidence that ETRs are one 
of the most important tax outcomes (Graham et al. 2014; Flagmeier et al. 2023) and 
that cash ETRs are increasingly important to evaluating tax outcomes (Brown et al. 
2016a).12 Cash ETRs are also important metrics for understanding firms’ tax plan-
ning (Dyreng et al. 2008) and closely relate to governmental tax revenues.

12 Focusing on predicting cash tax outcomes also ties closely to the goal of financial reporting outlined 
in SFAC 8 of helping stakeholders make decisions informed by "their assessment of the amount, timing, 
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Fig. 1  Topic Distribution Histograms. Panels (a), (b), and (c) show the distribution of topic probabili-
ties (i.e., the proportion of a 10-K containing discussion related to a topic) for three topic aggregates 
(i.e., agency factors, implementation factors, and outcome factors, respectively). For ease of presenta-
tion, we aggregate our 54 topic variables into three categories, following the Wilde and Wilson (2018) 
framework, as mapped in Online Appendix Table B1
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Our primary focus is on the additional explanatory power provided by including 
our 54 topic variables (the Topic vector) described in Section 3.2. We measure this 
additional explanatory power in two ways. First, we use a joint F-test of the topic 
variables in Eq. 2. Second, we compare the difference in R2 between Eqs. 1 and 2, 
which we formally test using a cluster-robust Vuong test (Vuong 1989; Wooldridge 
2010).13 Together, these analyses can identify whether there is a statistically signifi-
cant improvement in explanatory power for models predicting cash ETRs when topic 
variables are included.14

We also include a vector of control variables (Controls) in all models. We begin 
by controlling for the Cash ETR measured at time t. This control is important 
because prior tax outcomes strongly predict future tax realizations, and we want to 
test whether our qualitative topic variables can predict tax outcomes beyond major 
quantitative variables (Guenther et al. 2023).15 We also control for quantitative factors 
used in research predicting tax sheltering behavior (Wilson 2009; Lisowsky 2010). 
Specifically, we control for firm size (Firm Size), leverage (Leverage), profitability 
(Profitability), research and development expense (R&D), foreign income (Foreign 
activity), net operating loss carryforwards (NOL), equity earnings (Equity Earnings), 
mezzanine financing (Mezzanine Finance), litigation risk (Litigation Risk), and use 
of a Big Four auditor (Big4). We further control for quantitative variables that rep-
resent economic factors commonly included in tax avoidance models, including the 
book-to-market ratio (Book-to-Market), property and equipment (Capital Intensity), 
intangible assets (Intangible Intensity), cash holdings (Cash), sales growth (Sales 
Growth), and business segmentation (Business Segments) (McGuire et  al. 2014; 
Demeré et al. 2020; Al-Hadi et al. 2022). To ensure that our topics are not simply 

and uncertainty of (the prospects for) future net cash inflows to the entity" (FASB 2021 page 2) (emphasis 
added). In Section 4.6, we report the results of prediction tests for additional tax outcome variables.
13 To quantify the magnitude of the explanatory power improvement provided by including our topic vari-
ables, we use the difference in R2 between Eqs. 1 and 2. Additionally, to provide an easily comprehensible 
economic magnitude estimate, we use the magnitude of statistically significant coefficients on our topic 
variables as described in Section 4.2.
14 Some research has also used Shapley values to evaluate the relative importance of explanatory variables 
(Guenther et al. 2023). However, recent evidence from computer science and machine learning research 
indicates that Shapley values suffer from a number of limitations, including excessive model dependence 
and an inability to properly weight model features with dependence on other features (Kumar et al. 2020, 
2021) as well as theoretical limitations that prevent useful inference in machine-learning analyses (Huang 
and Marques-Silva 2024). Despite these limitations, in untabulated analyses, we evaluate the Shapley 
values of our topic measures. Depending on the future time horizon examined, Shapley values indicate 
that our topic variables explain 19.8% to 28.7% of the variation in cash ETRs. However, if we hold aside 
variation from fixed effects and the lagged tax outcome variable, which will provide the most explanatory 
power (Guenther et al. 2023), we find that our topic variables explain 61.5% to 64.0% of the remaining 
variation in cash ETRs. To the extent that Shapley values can be used for inference, these results indicate 
that our topic variables provide substantial explanatory power beyond common quantitative tax outcome 
predictors.
15 Controlling for the time t dependent variable also removes past variation from the dependent variable, 
making the regression similar to a first-differences design. However, while a first-differences design 
implicitly assumes perfect serial correlation of the dependent variable (i.e., a random-walk expectation), 
controlling for the lag of the dependent variable controls more flexibly for imperfect serial correlation of 
the dependent variable.
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capturing overall 10-K readability or the extent of qualitative disclosures, we also 
control for the Fog Index (Fog Index) (Li 2008) and 10-K length (10-K Length) 
(Loughran and McDonald 2014). We winsorize continuous variables at the first and 
99th percentiles to address outliers and report detailed variable definitions in Appen-
dix A. Finally, we include industry and year fixed effects and cluster standard errors 
at the firm level.16

3.4  Out-of-sample empirical design

While in-sample analyses are an important baseline, they implicitly assume that pre-
diction estimates remain stable over time (Lev et al. 2010). As such, we next estimate 
out-of-sample models using a rolling-window approach (Brown et al. 2020) to evalu-
ate the ability of 10-K discussion topics to predict tax outcomes using extreme gradi-
ent boosting (XGBoost) (Chen and Guestrin 2016; Chen et al. 2022; Geertsema and 
Lu 2023; Guenther et al. 2023). XGBoost is a tree-based ensemble learning algorithm 
(Friedman 2001) that builds multiple decision trees sequentially, improving predic-
tions at each step by identifying mistakes made by previous trees. Unlike traditional 
regression models, which assume linear relationships between variables, XGBoost 
captures nonlinear patterns and complex interactions between predictors, making it 
particularly well suited for financial forecasting.

We train XGBoost to predict future cash ETRs using the same set of independent 
variables as specified in Eqs. 1 and 2.17 Following Brown et  al. (2020), we train 
the model using five-year rolling windows to avoid a look-ahead bias. In total, we 
have nine annual prediction cross-sections for cash ETRs.18 For each fiscal year, we 
randomly select 90% of observations as our training sample and use the remaining 
10% as our testing sample. To ensure consistency, we resample with replacement 25 

16 We use industry fixed effects rather than firm fixed effects because (a) the latter can introduce endo-
geneity in the form of Nickell bias (Nickell 1981) and often do so in finance and tax accounting settings 
(Grieser and Hadlock 2019; Demeré 2023), (b) firm fixed effects can incorporate future information into 
predictor variables in the same way they introduce endogeneity bias, creating a look-ahead bias that is dan-
gerous to prediction inferences, and (c) we want to maintain conformity between our in- and out-of-sample 
analyses, as our out-of-sample analyses are estimated on a year-by-year basis that does not accommodate 
firm fixed effects. Nevertheless, in untabulated analyses, we find that our in-sample results (a) are largely 
unchanged when replacing industry fixed effects with industry-by-year fixed effects and (b) continue to 
show that our topic variables improve model predictive power when replacing industry fixed effects with 
firm fixed effects and predicting Cash ETRs in t + 1. However, the statistical significance of prediction 
improvements in firm-fixed-effect models diminishes over longer horizons as firm fixed effects become 
more likely to overcontrol away persistent information and introduce biases.
17 We provide additional discussion of the estimation in Online Appendix OA-A.III.
18 For example, the first out-of-sample prediction we run uses topic and control variable data from 2006, 
2007, 2008, and 2009 to predict cash ETRs in years 2007, 2008, 2009, and 2010, respectively. The coef-
ficient weights from these models are then averaged and applied to topic and control variable data from 
2010 to predict cash ETRs in the 2011 prediction year. This rolling window approach prevents look-ahead 
bias by ensuring that 2011 cash ETRs are predicted only using data from years prior to (and thus known 
by) 2011. To prevent overfitting, we include a regularization term using the L1 metric (also known as 
Lasso) (Tibshirani 1996).
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times and report the bootstrapped results (Efron 1992).19 The metric of interest in 
this analysis is the RMSE from prediction models that contain versus omit our 54 
topic measures. To the extent that narrative discussion topics can help predict tax 
outcomes, then the RMSE for the model including our topic measures will be smaller 
than the RMSE for the model that omits our topic measures.

3.5  Sample selection

To construct our sample, we begin with the intersection of our narrative topic mea-
sures and Compustat. We then exclude (1) observations with negative total assets, 
cash holdings, or equity and (2) utilities and financial firms (Standard Industrial Clas-
sification (SIC) codes 4900–4999 and 6000–6999) because these firms face funda-
mentally different tax rules and economic and regulatory pressures. We then exclude 
observations with negative pre-tax income (Compustat item pi < 0) because ETRs 
are difficult to interpret for firms with negative pre-tax income (Dyreng et al. 2016). 
We also remove observations in which the calculated cash ETR exceeds one (Dyreng 
et al. 2008). Finally, we remove observations that are missing necessary data to calcu-
late our variables of interest and control variables. As shown in Table 1, we obtain a 
final sample of 17,649 firm-year observations for 3,241 public U.S. firms. The annual 
number of firm-year observations varies from 1,072 in 2019 to 1,401 in 2013. At the 
10-K item level, there are an average of approximately 6.8 items reported in each 
10-K in our sample, resulting in 120,239 firm-year-item observations, which we use 
to evaluate the location of prediction-relevant information in Section 4.4.

19 Machine learning models come with a series of parameters that need to be tuned to optimize predic-
tion performance. To optimize our XGBoost models, we tune the following parameters: eta, max_depth, 
min_child_weight, and lambda. eta controls the learning rate used to prevent overfitting. A lower value 
for eta means that the model is more robust to overfitting but also slower to fit. max_depth is the depth at 
which a tree can grow (Breiman 2001; Breiman et al. 2017). Ideally, a tree with more branches and leaves 
should be able to find more complex patterns but can also lead to overfitting problems. min_child_weight 
controls how many times a given leaf will be further partitioned, given the number of instances. The larger 
this value, the more conservative the algorithm will be. lambda controls the amount of L1 regularization 
in the model to prevent overfitting (Tibshirani 1996). Following Chen et al. (2022), we initially set these 
parameters to their default values as given in the R package xgboost (Chen et al. 2025) and then tune them 
to minimize the RMSE. The default values are eta = 0.3, max_depth = 6, min_child_weight = 1, and alpha 
= 0. The optimized values for cash ETR are eta = 0.04, max_depth = 100, min_child_weight = 10, and 
alpha = 7.

Firm-years from SEC EDGAR 107,268
Excluding firm-years with missing data in Compustat −30,970
Excluding financial and utility firms and firm-years with 
negative total assets, cash holdings, or equity

 −8,839

Excluding firm-years with missing tax information or 
control variables, and negative pre-tax income

−49,810

Final sample 17,649

Table 1  Sample selection

This table reports the sample 
selection process
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4  Empirical results

4.1  Descriptive statistics

Table 2 presents descriptive statistics for the variables used in our analysis.20 The 
average firm in our sample has a cash ETR of approximately 0.23. The composition 
and characteristics of our sample resembles those reported by Campbell et al. (2019).

20 For clarity and brevity, we omit our topic variables from Table 2 and report them in Online Appendix 
Table B1.

Table 2  Descriptive statistics
Variable N Mean SD p25 p50 p75
Cash ETR 17,649 0.2255 0.1794 0.0864 0.2137 0.3195
Street Tax Expense 91,741 0.0269 0.0265 0.0130 0.0229 0.0350
Street ETR 91,741 0.2843 0.1235 0.2161 0.3000 0.3647
Est Tax Expense 91,741 0.0270 0.0241 0.0136 0.0237 0.0356
Est ETR 91,741 0.2871 0.1241 0.2214 0.3071 0.3689
AccTax 91,741 −0.0062 0.0120 −0.0062 −0.0026 −0.0011
AccETR 91,741 −0.0812 0.3209 −0.0453 −0.0166 −0.0068
GAAP ETR 18,553 0.2631 0.1661 0.1616 0.2831 0.3590
∆MVA 17,351 0.0135 0.0129 0.0035 0.0109 0.0198
Log(Cash Taxes Paid) 16,099 2.7947 2.3734 1.3985 2.9907 4.3526
ISA Cash ETR 17,649 −0.0072 0.1756 −0.1331 −0.0188 0.0795
UTB 12,926 0.0097 0.0163 0.0008 0.0043 0.0116
Tax Settlements 15,143 0.0003 0.0008 0.0000 0.0000 0.0001
10-K Length 17,649 10.6689 0.4744 10.4367 10.7199 10.9661
Fog Index 17,649 24.5715 2.0152 23.1483 24.4277 25.7233
Leverage 17,649 0.2085 0.1888 0.0276 0.1808 0.3325
Book-to-Market 17,649 0.5360 0.4680 0.2599 0.4292 0.6788
Firm size 17,649 7.0724 2.0095 5.7971 7.0798 8.3834
R&D 17,649 0.0297 0.0613 0.0000 0.0000 0.0261
Capital intensity 17,649 0.2252 0.2262 0.0553 0.1441 0.3217
Profitability 17,649 0.1659 0.1009 0.1012 0.1450 0.2045
Intangible intensity 17,649 0.2086 0.2122 0.0185 0.1418 0.3501
Cash 17,649 0.1915 0.2293 0.0413 0.1133 0.2611
Sales Growth 17,649 0.1333 0.3203 0.0095 0.0780 0.1800
NOL 17,649 0.7162 0.4508 0 1 1
Foreign activity 17,649 0.9273 0.2596 1 1 1
Equity earnings 17,649 0.2495 0.4327 0 0 0
Mezzanine finance 17,649 0.0105 0.0424 0 0 0
Big4 17,649 0.7636 0.4249 1 1 1
Litigation risk 17,649 0.0854 0.2795 0 0 0
Business segments 17,649 1.7321 0.8110 1.3863 1.3863 2.3026
This table reports summary statistics for the main variables in the empirical models. We report the 
number of observations (N), mean (Mean), standard deviation (SD), and the 25th, 50th, and 75th 
percentile of the distribution (p25, p50, p75, respectively). All continuous variables are winsorized at 
the first and 99th percentiles. Appendix A provides the variable definitions
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4.2  In-sample prediction results

Table 3 presents the estimation of Eq. 2 using Cash ETR as the dependent variable. 
For brevity, we only report joint F-tests of the topic variables in Eq. 2 and the differ-
ences in R2 between Eqs. 1 and 2, along with a cluster-robust Vuong (1989) test.21 
In the first row with cash ETRs one period into the future, we find that our topic 
variables are jointly significant additions to Eq. 2, and the Vuong test indicates that 
there is a statistically significant improvement in explanatory power between Eqs. 1 
and 2. Economically, the addition of topic variables increases the prediction model’s 
power by 4.7%. Similarly, when examining cash ETRs two and three periods into the 
future, we find that our topic variables are statistically significant model additions 
and significantly improve the explanatory power of the predictive model. For these 
future periods, however, the increase in explanatory power is even more economi-
cally significant, with a 7.9% (9.7%) increase in the model’s explanatory power when 
predicting cash ETRs two (three) years into the future. Together, these results indi-
cate that narrative topics provide important information about factors that affect tax 
planning and can substantially improve predictions of cash ETR outcomes.

To provide some additional context about what information in qualitative narra-
tives appears most important in predicting cash ETRs, we summarize the statistically 
significant coefficients on our topic variables in Fig. 2. A light gray plus indicates 
that a greater emphasis on a given topic significantly predicts a higher cash ETR 
for a given future period, while a dark gray minus indicates that a greater emphasis 
on a given topic predicts a lower cash ETR for a given future period. In general, we 
find that topics indicating (1) governance that can constrain aggressive tax planning 
(e.g., internal controls and shareholder governance), (2) risks that could increase the 
costs of aggressive tax planning (e.g., customer relations, negative events, foreign 
exchange risk, and financial reporting), and (3) the presence of complex transac-
tions that may increase the costs of tax planning (e.g., M&A and intangibles) tend to 
predict higher cash ETRs. We also find that topics that indicate the presence of com-
plex organizational structures that can facilitate tax planning (Demeré et al. 2020) 
(e.g., partnership issues, REITs, firm operations, and reorganizations) tend to predict 
lower cash ETRs. As such, these are the narrative topics that stakeholders interested 
in forecasting cash tax outcomes may find most valuable. Economically, a standard 
deviation increase in the proportion of a 10-K containing discussion of each topic that 
positively (negatively) predicts cash ETRs is associated with future cash ETRs that 
are 0.38% to 1.13% higher (0.36% to 1.15% lower), depending on the topic.22 Given 
that the mean cash ETR in our sample is 22.55%, the information in narrative top-
ics appears to predict economically significant variation in cash ETRs. In monetary 
terms, one standard deviation increase in the proportion of a 10-K devoted to any 

21 This display is consistent with other studies focused on relative information content and predictive abil-
ity (Ayers et al. 2009; Guenther et al. 2023). Because we are interested in the incremental predictive ability 
of our topic variables rather than a causal effect, we include all control variables in every reported model. 
We report all coefficient estimates in Online Appendix Table B5.
22 We calculate these economic significance estimates by multiplying coefficients from Online Appendix 
Table B5 by the standard deviations in Online Appendix Table B1.
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single topic is associated with a change of up to approximately $6.6 million in cash 
taxes paid.23

4.3  Out-of-sample prediction results

We also run out-of-sample tests to ensure that qualitative discussion topics can be 
used to predict tax outcomes in a practicable manner. In doing so, we follow studies 
that rely on machine learning methods to predict a given outcome of interest (Jones 

23 We compute the monetary effect by multiplying the mean cash taxes paid in our sample ($131 million) 
by the maximum cash ETR deviation associated with a standard deviation increase in a topic variable 
(1.15%) and dividing by the mean cash ETR in our sample (22.55%).

Fig. 2  Individual Topics and Cash ETR Predictions. This figure shows which topics are significantly 
associated with future (t + 1, t + 2, and t + 3) cash ETRs in our in-sample prediction analyses. For 
brevity, we only include topics with statistical significance (p < 0.10) for one or more future periods. 
Light gray cells with a plus sign (+) represent a positive effect (i.e., greater emphasis on these topics 
predicts higher future cash ETRs), while dark gray cells with a minus sign (-) indicate a negative ef-
fect (i.e., greater emphasis on these topics predicts lower future cash ETRs). Empty cells reflect cases 
where there is no statistically significant association between that topic variable and the cash ETR of 
that future period
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2017; Chen et al. 2022; Geertsema and Lu 2023; Guenther et al. 2023) by implement-
ing a widely accepted and reliable method called XGBoost (Friedman 2001; Chen 
and Guestrin 2016). XGBoost and similar machine-learning algorithms are increas-
ingly used for generating robust out-of-sample predictions without overfitting the 
data (Chen et al. 2022; Uddin et al. 2022; Campbell et al. 2023; Geertsema and Lu 
2023; Guenther et al. 2023). Using XGBoost allows us to predict with greater accu-
racy than simple OLS while mapping our analyses to a prediction tool common in 
practice and increasingly used in research.

Table 4 reports the empirical results when predicting cash ETRs. To evaluate the 
models’ performance, we report the RMSE, a typical goodness of fit metric used 
with machine learning models. A smaller RMSE indicates that the model is better at 
predicting tax outcomes out-of-sample. Columns (1) and (2) report the RMSE for a 
Baseline model with control variables only and a model With Topics that includes our 
topic variables, respectively. Column (3) reports the relative percentage decrease in 
RMSE by adding topic variables to our Baseline model. We find that the inclusion 
of topic variables substantially improves the model’s ability to predict cash ETRs. 
Depending on the prediction year, adding topic variables results in a 57% to 62% 
reduction in RMSE. Economically, these RMSE reductions translate to reduced fore-
cast errors of approximately $11.46 million to $13.69 million in cash taxes paid, 
on average.24 These results support that qualitative discussion topics provide impor-
tant information that stakeholders can practicably use to improve their cash ETR 
forecasts.

24 We compute the monetary effect by multiplying the mean cash taxes paid in our sample ($131 million) 
by the difference between the baseline RMSEs and With Topics RMSEs and dividing by the mean cash 
ETR in our sample (22.55%).

Table 4  Out-of-sample predictions of future cash ETR via extreme gradient boosting
Training Prediction Baseline With Topics ∆ RMSE % Obs. Obs.
Window Year RMSE RMSE (train) (test)

(1) (2) (3) (4) (5)
2006 - 2010 2011 0.034631 0.013146 62.04% 6,053 1,400
2007 - 2011 2012 0.034541 0.014374 58.38% 6,194 1,389
2008 - 2012 2013 0.034427 0.014702 57.29% 6,337 1,401
2009 - 2013 2014 0.034694 0.014524 58.14% 6,640 1,332
2010 - 2014 2015 0.034898 0.013700 60.74% 6,822 1,274
2011 - 2015 2016 0.035761 0.013953 60.98% 6,796 1,235
2012 - 2016 2017 0.038778 0.015217 60.76% 6,631 1,262
2013 - 2017 2018 0.038149 0.015219 60.11% 6,504 1,231
2014 - 2018 2019 0.038102 0.016210 57.46% 6,334 1,072
This table reports the root mean square error (RMSE) goodness of fit metric for each training window 
and its prediction year. Out-of-sample predictions for cash ETR are computed via extreme gradient 
boosting (XGBoost) using L1 regularization. Column (1) reports the RMSE for the baseline model 
specification that includes control variables (including industry and year fixed effects) only. Column 
(2) reports the RMSE when disclosure topics are included. Column (3) reports the percentage RMSE 
decline of the topic-inclusive model compared to the baseline. Columns (4) and (5) report the number of 
observations in the training and testing groups, respectively
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4.4  10-K item-by-item analysis

Our topic modeling approach also allows us to identify the exact 10-K items where 
these discussion topics occur (e.g., Item 1A versus Item 7). Exploring the value of 
qualitative disclosure across 10-K items is a novel idea in accounting research but 
offers the opportunity to derive unique insights. For example, examining and com-
paring individual 10-K items allows us to see whether specific topics of interest 
are concentrated in a single item or are spread throughout the 10-K. Understanding 
where the prediction-relevant discussion occurs would provide useful guidance to 
researchers and corporate stakeholders on where to focus their attention. Addition-
ally, by evaluating the distribution of prediction-relevant discussions across 10-K 
items, we can evaluate the importance of studying the information content of an 
annual report as a whole versus limiting the focus to specific individual 10-K items, 
as is common in prior research (e.g., Balakrishnan et al. 2019, Campbell et al. 2019, 
and Luo et al. 2024).

As such, we next modify Eq. 2 by estimating it at a firm-year-item level rather than 
a firm-year level. Thus, each firm-year will have the same number of observations 
as it has 10-K items, with the values of the topic variables being the only thing that 
differs for observations within a firm-year. We then use our out-of-sample testing 
methodology with XGBoost to calculate the RMSE for a model with all firm-year-
item observations included over our training windows and report the results of this 
baseline model in Column (1) of Table 5.25

We then examine how the RMSE Changes as specific 10-K items are iteratively 
dropped from this analysis in subsequent columns of Table 5.26 Our results indicate 
that there is substantial variability in how much predictive value is lost when omitting 
a given item. At the high end, omitting the narrative discussion in risk factor disclo-
sures (Item 1A) results in a 7.74% increase in RMSE, while at the low end, the other 
information in Item 9B does not appear relevant to cash ETR prediction. Importantly, 
however, the predictive value of narrative disclosure is not concentrated in a single 
10-K item but is distributed among several. Discussions in the business description 
(Item 1), risk factor disclosures (Item 1A), management discussion and analysis 
(MD&A, Item 7), and financial statement exhibits (Item 15) are the most important, 
and all contain relatively similar amounts of prediction-relevant information. Discus-
sions in the financial statements (Item 8) and controls and procedures disclosures 
(Item 9A) are somewhat less important, but still omitting either of these items results 
in an RMSE increase equivalent to approximately two-thirds of the RMSE increase 
from omitting risk factor disclosures. Beyond these six items, the predictive value 

25 The RMSE from the baseline model in Column (1) of Table 5 is smaller than the RMSE reported for 
the With Topics model in Column (2) of Table 4, indicating that the prediction model is better (i.e., that 
there is unique information content) in knowing where qualitative information is and how it is distributed 
across different items.
26 By focusing on the firm-year-item level, we ensure a constant sample of firm-year observations where 
no firm-year is dropped, only specific items from the 10-K. In Online Appendix Table B4, we repeat this 
analysis for the five most populated 10-K items after reducing our sample to only firm-years that report 
all five of these items. Inferences from this analysis are similar to those reported here, i.e., that prediction-
relevant qualitative discussion is spread across multiple 10-K items.
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of the narrative discussions in other items is less but not insubstantial. For example, 
narrative discussions in property listings (Item 2), market disclosures (Item 5), and 
disclosures of market risks (Item 7A) together have more prediction-relevant infor-
mation than the risk factor disclosures.

In total, these results suggest that prediction-relevant qualitative discussion is not 
limited to only one or two 10-K items, like risk factor disclosures or income tax 
footnotes (Campbell et al. 2019; Luo et al. 2024), but rather exists across many 10-K 
items. This evidence supports our focus on qualitative disclosure across the entire 
10-K and indicates that studies focused on qualitative disclosures in a single 10-K 
item are likely to miss substantial incremental information. Further, these results sup-
port that our primary findings are not attributable to any single 10-K disclosure and 
thus do not have substantial overlap with the findings from studies examining tax 
keyword disclosures within a single 10-K item (Balakrishnan et al. 2019; Campbell 
et al. 2019; Luo et al. 2024).

4.5  Analyst tax forecasts

Prior analyses show that narrative discussion topics contain useful information that 
can predict cash tax outcomes and that should thus be valuable to a variety of cor-
porate stakeholders. However, it is unclear whether stakeholders can effectively use 
this information, as processing and evaluating qualitative disclosure may be difficult 
and costly, especially without clear guidance on how to efficiently do so. As such, 
we next use financial analysts as a stand-in for sophisticated corporate stakeholders 
(Campbell et al. 2015; Blankespoor et al. 2020) and examine whether analysts use 
the information in narrative disclosures when forecasting tax outcomes and whether 
they do so effectively.

Given their sophisticated tools and training (Hope 2003; Dhaliwal et al. 2012), 
analysts may very well understand and incorporate the useful information in narra-
tive topics into their forecasts, which should increase forecast accuracy. However, 
research also shows that analysts can miss important information in their forecasts, 
particularly when the information is more complex (Chang et al. 2016; Engelberg 
et al. 2020) or when they face an overload of information (Hirshleifer et al. 2019; 
Impink et al. 2022). Findings are mixed within tax accounting research generally, 
as analysts can produce better tax forecasts than managers in complex environments 
(Bratten et al. 2017) but can also struggle to forecast taxes and miss important cues 
in quantitative tax metrics (Plumlee 2003; Weber 2009; Kim et al. 2020; Guenther 
et al. 2023). However, research on limited tax-specific qualitative disclosures indi-
cates that analysts and investors use these disclosures (Luo et al. 2024; Burd et al. 
2023). Given mixed evidence, we have no expectation regarding whether analysts 
can effectively use the information in narrative topics to forecast tax outcomes.

Following Bratten et  al. (2017), we focus on the accuracy of analysts’ implied 
tax expense and ETR forecasts and report the results in Table 6.27 As in Table 3, we 

27 Analyst forecast data come from I/B/E/S, which does not contain explicit analyst tax forecasts. Follow-
ing Bratten et al. (2017), we impute the tax expense forecast as the difference between the pre-tax and 
after-tax earnings forecasts in I/B/E/S and then divide this imputed tax expense forecast by forecasted pre-
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focus on joint F-tests of the topic variables and the differences in R2 between models 
with and without the topic variables, along with a cluster-robust Vuong (1989) test. 
Because analysts do not forecast a cash ETR but rather a street ETR, we begin by 
testing whether our topic variables significantly improve the explanatory power of 
models forecasting actual street ETR outcomes.28 In Table 6 Panel A, we find that our 
topic variables are jointly significant additions to models predicting future street tax 
expense and ETRs and significantly improve the explanatory power of these models.

In Table 6 Panel B, we examine whether our topic variables improve models pre-
dicting analyst forecasts of tax expense and ETRs to see whether analysts use the 
information in narrative discussions. Here we find that our topic variables are jointly 
significant additions to these models and significantly improve their explanatory 
power. These results suggest that analysts use the information in narrative disclo-
sures, consistent with research indicating that stakeholders react to tax-specific quali-
tative disclosures (Luo et al. 2024; Burd et al. 2023).

Our next analysis examines whether analysts use the information in narrative dis-
closures effectively. To do so, we examine whether our topic variables can predict 
future analyst forecast accuracy. Finding that narrative topics predict analyst forecast 
accuracy would indicate that analysts do not appropriately use and weight the avail-
able information in their forecasts, while an inability to predict analyst forecast accu-
racy would be consistent with analysts understanding and appropriately using the 
information in narrative disclosures. We report the results of these analyses in Panel 
C of Table 6. We find that our topic variables are jointly significant additions to the 
models predicting analyst forecast accuracy for tax expense and ETRs and that these 
variables significantly improve the explanatory power of these models.

In sum, the results in Table 6 indicate that narrative topics provide important infor-
mation about street tax expense and ETRs. Further, analysts can use this information 
to some degree in their forecasts. However, they struggle to appropriately use this 
information, resulting in predictable forecast errors.

To further support that our topic variables contain useful information about the 
street tax outcomes that analysts care about, we also run out-of-sample analyses, like 

tax earnings to create the ETR forecast. Approximately 70% of analyst forecasts have the data necessary 
to impute the tax expense forecast and calculate forecast accuracy. We use all one-period-ahead forecasts 
in these analyses. Analysts forecasting before the 10-K is released are effectively choosing not to use the 
narrative disclosures in the 10-K and thus should be included in these analyses; however, we find similar 
results when requiring that the analyst forecasts are made only after release of the 10-K. Following Bratten 
et al. (2017), we run these analyses at the analyst-firm-year level by averaging all forecasts of an analyst 
within a firm-year but find similar results if we use only the most recent forecast. Because the average firm 
is covered by multiple analysts, we have more observations than in prior analyses. We cluster standard 
errors at the firm level to address serial correlation and cross-correlation between analysts following the 
same firm. In untabulated analyses, we find that our results strengthen when we cluster standard errors at 
the analyst level.
28 Street tax expense and ETRs resemble GAAP tax expense and ETRs (we examine GAAP ETRs in 
Section 4.6) but with adjustments for (a) tax-specific items and (b) the tax effects of items excluded from 
street earnings (Beardsley et al. 2021). Beardsley et al. (2021) document that approximately 80% of firms 
in 2016 had material differences between their street and GAAP ETRs. They also find that approximately 
35% of firm-years with differences exclude at least one tax-specific item, such as uncertain tax benefit 
reserves (UTBs) and valuation allowances, while over 90% of firm-years with differences adjust for the 
tax effects of items excluded from street earnings, such as stock compensation and restructuring charges.
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those reported in Table 4, predicting future street tax expense and ETRs. We report 
the results of these out-of-sample analyses in Table 7. Results in Panel A show RMSE 
reductions of 43% to 45%, depending on the prediction year, when topic variables 
are included in the street tax expense prediction model. Similarly, results in Panel B 
indicate a 44% to 51% reduction in RMSE for street ETR prediction models when 
topic variables are included. Together, these results support that our topic variables 
substantially improve the predictive ability of models for the street tax outcomes that 
analysts focus on.

We additionally run out-of-sample analyses predicting analyst forecast accuracy 
for tax expense and ETRs to support that analysts do not appropriately use the infor-
mation in narrative disclosures in their forecasts. We report these results in Table 
8. Panel A reports RMSE reductions of 44% to 46%, depending on the prediction 
year, when topic variables are included in the tax expense accuracy prediction model. 
Similarly, Panel B reports RMSE reductions of 48% to 53% from including topic 
variables in the ETR accuracy prediction model. In total, the results from Table 8 

Table 7  Out-of-sample predictions of future street tax expense and future street ETR via extreme gradient 
boosting
Training Prediction Baseline With Topics ∆ RMSE % Obs. Obs.
Window Year RMSE RMSE (train) (test)

(1) (2) (3) (4) (5)
Panel A. Street Tax Expense (Street Tax Expense)
2006 - 2010 2011 0.050103 0.027592 44.93% 24,867 7,825
2007 - 2011 2012 0.050341 0.027761 44.85% 28,371 7,591
2008 - 2012 2013 0.050891 0.028362 44.27% 31,678 7,932
2009 - 2013 2014 0.051030 0.028406 44.33% 35,478 7,687
2010 - 2014 2015 0.050912 0.028310 44.39% 37,958 7,749
2011 - 2015 2016 0.051109 0.028385 44.46% 38,784 7,340
2012 - 2016 2017 0.051797 0.029271 43.49% 38,299 7,802
2013 - 2017 2018 0.051607 0.028841 44.12% 38,510 7,573
2014 - 2018 2019 0.051912 0.029268 43.62% 38,151 6,117
Panel B. Street ETR (Street ETR)
2006 - 2010 2011 0.025681 0.014494 43.56% 24,867 7,825
2007 - 2011 2012 0.024693 0.012339 50.03% 28,371 7,591
2008 - 2012 2013 0.025055 0.013006 48.09% 31,678 7,932
2009 - 2013 2014 0.025378 0.012806 49.54% 35,478 7,687
2010 - 2014 2015 0.025909 0.013215 49.00% 37,958 7,749
2011 - 2015 2016 0.027373 0.013812 49.54% 38,784 7,340
2012 - 2016 2017 0.033137 0.016265 50.92% 38,299 7,802
2013 - 2017 2018 0.033164 0.016551 50.09% 38,510 7,573
2014 - 2018 2019 0.034090 0.017810 47.75% 38,151 6,117
This table reports the Root Mean Square Error (RMSE) goodness of fit metric for each training window 
and its prediction year. Out-sample predictions for Street Tax Expense (Panel A) and Street ETR (Panel 
B) are computed via Extreme Gradient Boosting (XGBoost) using L1 regularization. Column (1) reports 
the RMSE for the baseline model specification that includes control variables (including industry and 
year fixed effects) only. Column (2) reports the RMSE when disclosure topics are included. Column (3) 
reports the percentage RMSE decline of the topic-inclusive model compared to the baseline. Columns 
(4) and (5) report the number of observations in the training and testing groups, respectively
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indicate that analysts could improve their tax forecasts by better using the informa-
tion in narrative disclosures.

We also provide further analysis to understand which topics analysts might benefit 
the most from paying additional attention to in Fig. 3.29 As shown, 21 of our topic 
variables predict analyst forecast errors (i.e., negative accuracy) for tax expense or 
ETR forecasts.30 Economically, a standard-deviation increase in the proportion of 

29 For brevity, we only report the topics that are significantly negatively associated with analyst forecast 
accuracy in this figure, as these are the topics that are most likely to deserve further attention from ana-
lysts. A blank in the accuracy column indicates that there is no significant association with analyst forecast 
accuracy, while a topic being omitted may either (a) not be associated with or (b) be positively associated 
with analyst forecast accuracy. We report all coefficient estimates underlying this figure in Online Appen-
dix Table B6.
30 In the Estimate and Street columns, we also report whether the topic has a significant association with 
the analyst forecast estimate and the actual street outcome, respectively. In general, analyst forecast errors 
can arise in this setting in three ways: (a) analysts do not use information that can predict actual outcomes, 
which should produce a significant association with the actual outcome and an insignificant association 
with the forecast; (b) analysts use information that they shouldn’t because it is irrelevant, which should 

Table 8  Out-of-sample predictions of future tax expense accuracy and future ETR accuracy via extreme 
gradient boosting
Training Prediction Baseline With Topics ∆ RMSE % Obs. Obs.
Window Year RMSE RMSE (train) (test)

(1) (2) (3) (4) (5)
Panel A. Tax Expense Accuracy (AccTax)
2006 - 2010 2011 0.054606 0.030491 44.16% 24,867 7,825
2007 - 2011 2012 0.054363 0.029400 45.92% 28,371 7,591
2008 - 2012 2013 0.054316 0.029280 46.09% 31,678 7,932
2009 - 2013 2014 0.054321 0.029552 45.60% 35,478 7,687
2010 - 2014 2015 0.054420 0.029916 45.03% 37,958 7,749
2011 - 2015 2016 0.054394 0.029815 45.19% 38,784 7,340
2012 - 2016 2017 0.054347 0.029927 44.93% 38,299 7,802
2013 - 2017 2018 0.054385 0.029885 45.05% 38,510 7,573
2014 - 2018 2019 0.054485 0.030350 44.30% 38,151 6,117
Panel B. ETR Accuracy (AccETR)
2006 - 2010 2011 0.071079 0.034351 51.67% 24,867 7,825
2007 - 2011 2012 0.064402 0.029958 53.48% 28,371 7,591
2008 - 2012 2013 0.069326 0.034075 50.85% 31,678 7,932
2009 - 2013 2014 0.071254 0.036431 48.87% 35,478 7,687
2010 - 2014 2015 0.068844 0.033024 52.03% 37,958 7,749
2011 - 2015 2016 0.073501 0.038328 47.85% 38,784 7,340
2012 - 2016 2017 0.075768 0.037277 50.80% 38,299 7,802
2013 - 2017 2018 0.075408 0.036552 51.53% 38,510 7,573
2014 - 2018 2019 0.088843 0.044818 49.55% 38,151 6,117
This table reports the Root Mean Square Error (RMSE) goodness of fit metric for each training window 
and its prediction year. Out-sample predictions for Tax Expense Accuracy (Panel A) and ETR Accuracy 
(Panel B) are computed via Extreme Gradient Boosting (XGBoost) using L1 regularization. Column 
(1) reports the RMSE for the baseline model specification that includes control variables (including 
industry and year fixed effects) only. Column (2) reports the RMSE when disclosure topics are included. 
Column (3) reports the percentage RMSE decline of the topic-inclusive model compared to the baseline. 
Columns (4) and (5) report the number of observations in the training and testing groups, respectively
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a 10-K discussing a single one of these topics is associated with analyst forecast 
errors for tax expense (ETRs) that are approximately 4.1% to 20.4% (7.2% to 38.4%) 
greater than the mean forecast error. While this is only a subset of our topic variables, 
that there are 21 narrative discussion topics that analysts could use to significantly 
improve their forecast accuracy is consistent with analysts not appropriately using 
much of the information in narrative disclosures.

4.6  Alternative tax outcomes

In our final analysis, we examine whether our primary results are similar when using 
alternative tax outcome variables. While cash ETRs are increasingly important and 
may map better to tax planning and governmental tax revenues (Dyreng et al. 2008; 

produce an insignificant association with the actual outcome and a significant association with the fore-
cast; or (c) analysts misweight information in their forecasts. For topics with a significant association with 
actual outcomes and analyst forecasts, a negative association with analyst forecast accuracy arises when 
analysts use prediction-relevant information but severely misweight it. For topics with an insignificant 
association with actual outcomes and analyst forecasts, a negative association with analyst forecast accu-
racy could arise if (a) there is an insignificant positive association with actual outcomes and an insignifi-
cant negative association with forecasts (or vice versa), but the diverging signs open a wide enough gap 
between actual and forecasted tax outcomes that the difference is statistically significant or (b) actual and 
forecasted outcomes contain common sources of noise that differencing eliminates, increasing test power 
in accuracy analyses.

Fig. 3  Analyst Forecast Estimates and Accuracy for Tax Expense and ETR. This figure summarizes 
the associations between specific narrative topics and analyst forecasts, actual outcomes, and analyst 
forecast accuracy for both street tax expense and street ETRs. ∗ indicates a statistically significant 
association (p < 0.10) between the topic and the analyst forecast or actual outcome. Negative signs 
indicate a statistically significant (p < 0.10) negative association between the topic and analyst fore-
cast accuracy. For brevity, we only report topics that are negatively associated with forecast accuracy
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Brown et al. 2016a), GAAP ETRs are also important metrics (Graham et al. 2014; 
Flagmeier et  al. 2023). As such, in the first three rows of Online Appendix Table 
B2, we use GAAP ETRs as our tax outcome in Eq. 2. Consistent with our cash ETR 
analyses, we find that adding our topic variables results in statistically significant 
improvements in the explanatory power of the predictive model, consistent with nar-
rative discussion also containing prediction-relevant information about future GAAP 
ETRs. In Online Appendix Table B3, we confirm using out-of-sample analyses that 
adding topic variables to our prediction model reduces the RMSE by 48% to 77%.

Next, to evaluate whether the increased prediction value for ETRs from topic vari-
ables is attributable to tax-specific information in the ETR numerator or is solely 
driven by the pre-tax income denominator, we examine two non-ETR measures. 
First, we use an alternative measure of tax avoidance (∆MV A) developed by Henry 
and Sansing (2018) that uses the market value of assets as a scalar rather than pre-
tax income. Second, we use the natural log of cash taxes paid. As shown in Online 
Appendix Tables B2 and B3, we find that our topic variables significantly improve 
the explanatory power of the prediction models for these tax outcomes, with 33% to 
58% reductions in RMSE for our out-of-sample models. Taken together, these results 
support that narrative discussion topics, even when not directly related to taxes, nev-
ertheless help predict tax outcomes.

Most stakeholders likely want to predict the future value of firms’ future cash 
tax burdens. In predicting the tax outcomes of multiple firms, stakeholders can also 
directly compare firms. Nevertheless, some stakeholders may also want to directly 
predict a benchmarked cash ETR.31 As such, we follow Balakrishnan et al. (2019) 
and evaluate industry- and size-adjusted cash ETRs (ISA Cash ETR) as tax out-
comes. As shown in Online Appendix Tables B2 and B3, these results are generally 
consistent with our primary cash ETR results.

We also examine uncertain tax benefit reserves (UTBs), as these reserves can 
speak to the outcomes of more aggressive tax planning (Lisowsky et al. 2013) and as 
such are closely monitored by tax authorities (Bozanic et al. 2017).32 The results in 
Online Appendix Table B2 indicate that our topic variables improve the explanatory 
power of models predicting UTBs by a statistically significant amount. However, 
results here and in Table B3 are not very economically significant, with R2 improve-
ments of less than 0.4% and RMSE reductions of 1% to 19%. This lower benefit 
of narrative disclosures in predicting UTBs is unsurprising, however, given that (a) 
UTBs are particularly prone to one-size-fits-all rules that can result in UTBs that 
are not well aligned with economic fundamentals (Robinson et al. 2016), (b) UTBs 
are subject to manipulation to both manage earnings and avoid attention from tax 
authorities (Cazier et  al. 2015; Towery 2017), and, (c) given the attention paid to 
UTBs by tax authorities, firms may be particularly cautious about using boilerplate 

31 Given that industry- and size-adjusted ETRs can function as good measures of aggressive tax avoidance 
(Balakrishnan et al. 2019), stakeholders who want to predict how aggressive a firm will be in tax planning 
(e.g., tax authorities) may find value in this measure.
32 In our analyses with the UTB and T ax Settlements, we only have seven training windows, rather than 
nine for other variables, because data for these variables were not available until Financial Interpretation 
No. 48 was implemented.
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language when discussing items of relevance to UTBs (Cazier et al. 2021; Bernard 
et al. 2023; Richter et al. 2024).

Finally, we examine how narrative discussion can predict the amount of future 
settlements with tax authorities.33 Results in Online Appendix Tables B2 and B3 indi-
cate that our topic variables significantly improve prediction models for tax settle-
ments, with out-of-sample RMSE reductions of 56% to 57%. These findings should 
be of interest to tax authorities looking to identify firms with uncertain and aggressive 
tax positions and corporate stakeholders who are concerned about the costs of tax 
authority scrutiny.

5  Conclusion

Understanding and predicting corporate income tax outcomes is important to a vari-
ety of corporate stakeholders (Hasan et al. 2014; Goh et al. 2016; Bratten et al. 2017; 
Chyz and Gaertner 2018; Rajgopal 2022). However, limited disclosures (Graham 
et al. 2012; Rajgopal 2022), earnings management through tax accounts (Dhaliwal 
et al. 2004), one-size-fits-all rules (Robinson et al. 2016), and strategic opacity to 
reduce proprietary costs and adverse tax authority scrutiny (Hope et al. 2016; Cazier 
et al. 2021; Chychyla et al. 2022) can make understanding and predicting tax out-
comes difficult. Given these challenges, we examine whether the narrative discussion 
content in financial disclosures can improve forecasts of tax outcomes.

To examine narrative discussion content, we use LDA topic analysis to estimate 
measures of the topical content of Form 10-K qualitative disclosures. Using both 
in- and out-of-sample analyses, we find that our topic variables provide significant 
increases in predictive power for models forecasting cash ETRs and other tax out-
comes. These model improvements are incremental to many traditional quantitative 
tax planning determinants, showing that narrative discussion can help stakeholders 
better predict tax outcomes. We also take advantage of the richness of 10-K data by 
examining narrative discussion content by 10-K item. Our results suggest that predic-
tion-relevant discussion is distributed throughout the 10-K, indicating that corporate 
disclosures should be analyzed in their entirety rather than examining only certain 
subsets of larger disclosures. We further find that analysts seem to struggle to use this 
qualitative information effectively in their tax forecasts, resulting in substantial and 
predictable tax forecast errors.

Our study documents an important but underexplored source of information about 
corporate tax outcomes. Our findings also illustrate the richness of qualitative dis-
closure found throughout the 10-K and should encourage researchers and corporate 
stakeholders to avoid focusing only on narrow pieces of qualitative disclosure in 
favor of a more holistic approach. Further, our study indicates that analysts struggle 

33 These results are conditional on firms having a tax settlement, which means that these results can be 
interpreted as predicting the magnitude of the tax settlement, given that a settlement occurs. We choose 
to focus on settlement magnitude rather than whether a firm has a settlement in a given year because 
predicting a binary variable requires a completely different approach to out-of-sample testing than we use 
elsewhere in the paper to predict continuous outcomes. For research predicting the binary occurrence of a 
tax settlement, see Jennings et al. (2020).
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to appropriately use the information in broad qualitative disclosures while providing 
a practical method that can be applied by analysts and other corporate stakeholders 
to derive prediction-relevant information from qualitative disclosures. In total, we 
believe that our results will be of practical interest to researchers, corporate stake-
holders, analysts, regulators, and tax authorities who want to better understand and 
predict corporate tax outcomes and evaluate the quality of firms’ tax positions.

Appendix A: Variable definitions

Variable Definition
Cash ETR Cash taxes paid (TXPD) divided by pre-tax income less special items (PI - 

SPI). The variable is bounded between 0 and 1. (Source: Compustat)
Street Tax Expense Following Bratten et al. (2017), the average of analysts’ implied actual street 

tax expense, divided by the number of shares in t-1 (CSHO) and scaled by 
price in t-1 (PRCC_F) (Source: Compustat and I/B/E/S)

Street ETR Following Bratten et al. (2017), the average analysts’ implied actual street 
effective tax rate (Source: I/B/E/S)

Est Tax Expense Following Bratten et al. (2017), the average of analysts’ implied forecasts of 
tax expense, divided by the number of shares in t-1 (CSHO) and scaled by 
price in t-1 (PRCC_F) (Source: Compustat and I/B/E/S)

Est ETR Following Bratten et al. (2017), the average of analysts’ implied forecasts of 
the firm’s effective tax rate (Source: I/B/E/S)

AccTax Following Bratten et al. (2017), the average absolute value of analysts’ implied 
forecasts of tax expense less the implied actual tax expense, divided by the 
number of shares in t-1 (CSHO), scaled by price in t-1 (PRCC_F), multiplied 
by -1 (Source: Compustat and I/B/E/S)

AccETR Following Bratten et al. (2017), the average absolute value of analysts’ implied 
forecasts of the firm’s effective tax rate less the implied actual GAAP effective 
tax rate, multiplied by -1. (Source: I/B/E/S)

GAAP ETR Income taxes (TXT) divided by pre-tax income less special items (PI - SPI). 
The variable is bounded between 0 and 1. (Source: Compustat)

∆MVA Following Henry and Sansing (2018), cash taxes paid (TXPD) minus 
the change in a firm’s tax refund receivable (TXR) and minus the 
statutory corporate tax rate multiplied by pretax-income (PI), scaled 
by the prior year’s market value of assets (MVA). MVA is computed as 
(AT + ((P RCC_F × CSHO) − SEQ)). (Source: Compustat)

Log(Cash Taxes Paid) Natural logarithm of the firm’s cash taxes paid (TXPD). (Source: Compustat)
ISA Cash ETR Following Balakrishnan et al. (2019), the firm’s Cash ETR less the firm’s aver-

age industry size Cash ETR, where Cash ETR is cash taxes paid (TXPD) di-
vided by pre-tax income less special items (PI - SPI). The variable is bounded 
between 0 and 1. (Source: Compustat)

UTB The reserve for unrecognized tax benefits (TXTUBEND) scaled by the prior 
year’s total assets (AT). (Source: Compustat)

Tax Settlements The amount of tax settlements (TXTUBSETTLE) scaled by the prior year’s 
total assets (AT). We replace missing values with 0. (Source: Compustat)

10-K Length Natural logarithm of the firm’s 10-K number of tokens plus 1. (Source: SEC 
EDGAR - Form 10-K)
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Variable Definition
Fog Index Fog index, a statistic that combines the number of words per sentence and 

the number of syllables per word to create a measure of readability (Li 2008) 
(Source: SEC EDGAR - Form 10-K)

Firm Size Natural logarithm of the firm’s total assets (AT). (Source: Compustat)
Leverage Total debt (DLTT+ DLC) relative to total assets (AT). (Source: Compustat)
Capital Intensity Ratio of property, plant, and equipment (PPEGT) relative to the prior year’s 

total assets (AT). (Source: Compustat)
Intangible Intensity Intangible assets (INTAN) relative to total assets (AT). (Source: Compustat)
R&D R&D expenses (XRD) relative to total sales (SALE). We replace missing 

values with 0. (Source: Compustat)
Profitability Earnings before interest, taxes, depreciation, and amortization relative to the 

prior year’s total assets (AT). (Source: Compustat)
Sales Growth Natural logarithm of the growth rate of sales (SALES) from year t − 1 to t. 

(Source: Compustat)
Book-to-Market Total common equity (CEQ) divided by common shares outstanding (CSHO) 

multiplied by the stock price at the fiscal year-end (PRCCF). (Source: 
Compustat)

Cash Cash and short-term equivalents (CHE) divided by the prior year’s total assets 
(AT). (Source: Compustat)

NOL Indicator variable that equals one if the lagged tax loss carryforward (TLCF) is 
positive and zero otherwise. (Source: Compustat)

Foreign Activity Indicator variable that equals one if foreign income taxes (TXFO) are non-
missing and zero otherwise. (Source: Compustat)

Equity Earnings Indicator variable that equals one if equity method earnings (ESUB) are pres-
ent and zero otherwise. (Source: Compustat)

Mezzanine Finance Convertible debt and preferred stock (DCPSTK) scaled by total assets (AT). 
(Source: Compustat)

Big4 Indicator variable that equals one if the firm is audited by PwC, E&Y, KPMG, 
or Deloitte and zero otherwise. (Source: Compustat)

Litigation Risk Indicator variable that equals one if pre-tax or after-tax litigation/insurance set-
tlement (SETP or SETA) is negative and zero otherwise. (Source: Compustat)

Business Segments Natural logarithm of the firm’s number of business segments plus 1. (Source: 
Compustat)
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