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Abstract

Pur pose — This study examines the relationship between corporate tax aggressiveness and the
complexity of financia reporting using a structured, XBRL-based measure derived from
machine-readable 10-K filings. While prior research has linked tax avoidance to reduced
transparency using narrative-based readability metrics, this paper contributes by evaluating
complexity from the preparer’s perspective in the digital reporting environment, offering new
insights into disclosure behavior among tax-aggressive firms.

Design/methodology/approach — The analysis is based on 18,235 firm-year observations
from U.S. publicly listed firms between 2011 and 2020. We employ fixed effects regression to
address unobserved heterogeneity and conduct a battery of robustness tests to mitigate
endogeneity concerns, including two-stage least squares (2SLS) and difference-in-differences
(DiD) analyses.

Findings — The results show a positive and statistically significant relationship between tax
avoidance and the complexity of XBRL filings. Tax-aggressive firms report more total XBRL
tags and rely more heavily on firm-specific extended tags, suggesting a role for discretionary
reporting behaviour beyond operational complexity. The relationship is stronger under higher
IRS audit risk and is amplified among firms with greater financial capacity, consistent with
higher-capacity firms being better able to sustain sophisticated tax strategies and the associated
reporting complexity.

Implications — The findings have implications for regulators such as the SEC and FASB,
underscoring the importance of monitoring the customization of digital disclosures. The
extensive use of extended tags in tax-sensitive contexts may challenge comparability and
hinder transparency, potentially affecting the efficacy of financial reporting standards.

Originality/value — Although the XBRL-based complexity measure has been introduced in
earlier research, this study appliesit in anovel context by linking it to corporate tax avoidance.
The approach expands the understanding of reporting complexity beyond narrative readability
and contributes to a deeper understanding of how digital reporting structures relate to tax
planning behavior.

Keywords: Tax avoidance, financial reporting complexity, XBRL, digital disclosures,
extended tags, corporate transparency



1. Introduction

Corporate tax avoidance has attracted increasing attention from regulators, policymakers, and
the public, leading to intensified scrutiny of firms' tax-related activities. Estimates suggest that
global corporate tax avoidance costs governments approximately USD 301 billion in lost tax
revenue annually (Tax Justice Network, 2023). A substantial body of research documents that
many firms actively adopt aggressive tax strategies to reduce their tax liabilities (Allam et al.,
2023; Dyreng et al., 2008, 2013; Jaafar & Thornton, 2015; Balakrishnan et al., 2019; Tang et
al., 2022; Luo et al., 2023; Lin et a., 2025; Yang et a., 2025). While such strategies may
generate short-term cash flow benefits, they also expose firms to non-trivia costs, including
enforcement risk, litigation exposure, reputational damage, and adverse market reactions
(Hanlon & Heitzman, 2010; Balakrishnan et al., 2019). As tax authorities and market
participants rely heavily on financial statements to assess tax compliance and risk (Bozanic et
a., 2017; Chen et al., 2021), firms engaging in tax avoidance may face incentives not only to

manage their tax outcomes, but also to manage the transparency of their financial disclosures.

These incentives have motivated a growing literature examining whether tax-avoidant firms
exhibit more complex financial reporting. One prominent explanation is the management
obfuscation hypothesis, which posits that managers may increase disclosure complexity to
reduce transparency and obscure economically sensitive activities while remaining formally
compliant with reporting requirements (Bloomfield, 2002; Li, 2008; de Souza et a., 2019).
Under this view, disclosure complexity serves as an indirect mechanism through which firms
limit users ability to detect or fully evaluate opportunistic behaviour. An alternative
perspective suggests that greater complexity may instead reflect the inherently intricate
operations and transactions associated with aggressive tax planning, rather than intentional

obfuscation (Balakrishnan et al., 2019). These competing explanations raise a fundamental



empirical question: does reporting complexity among tax-avoidant firms primarily reflect

structural necessity, discretionary reporting choices, or a combination of both?

Prior empirica research has largely examined disclosure complexity using linguistic
readability measures, such asthe Fog Index (Gunning, 1952, 1969) and the Bog Index (Bonsall
et al., 2017), aswell as ssimpler proxies such as file length or word count. Studies using these
measures generally find that firmswith lower readability are more likely to engage in earnings
management and tax avoidance and are harder for users to evaluate (You & Zhang, 2009;
Lehavy et al., 2011; Beuselinck et al., 2018; Inger et al., 2018; Nguyen, 2020; Dao & Xu,
2024). However, the effectiveness of these measures in financial reporting contexts has been
widely challenged. Loughran and McDonald (2014, p. 1644) argue that traditional readability
indices are outdated and poorly specified for evaluating financial disclosures, as they often
misclassify commonly used accounting and business terms - such as “corporation” or
“operations’ - as complex, even though such language is well understood by financial users.
More fundamentally, readability indices evaluate the experience of the reader rather than the
complexity of the accounting information itself, limiting their ability to capture the preparer-
side discretion involved in constructing financial reports (Hoitash & Hoitash, 2018). As a
result, existing evidence on the relationship between tax avoidance and disclosure complexity

may be sensitive to measurement choice.

This study addresses these limitations by adopting a preparer-side, non-linguistic measure of
accounting reporting complexity based on XBRL (eXtensible Business Reporting Language)
disclosures. Specificaly, we employ the Accounting Reporting Complexity (ARC) measure
developed by Hoitash and Hoitash (2018), which captures the structure of financial statements

using XBRL metadata rather than narrative text. Since 2009, the U.S. Securities and Exchange



Commission hasrequired public firmsto filefinancial reportsin XBRL format using astandard
taxonomy maintained by the Financial Accounting Standards Board (SEC, 2009). While firms
are required to use standardised tags when available, they retain discretion to create firm-
specific extended tags when existing taxonomy elements do not fully capture their disclosures.
Prior research suggests that extended tags can reduce comparability and increase information
processing costs for users (Dhole et al., 2015; Huang et al., 2019), highlighting the potential of

XBRL structureto reveal differencesin reporting discretion.

By focusing on XBRL-based reporting complexity, this study contributes to the literature in
several important ways. First, we provide novel empirical evidence linking corporate tax
avoidance to accounting reporting complexity measured from the preparer’s perspective,
offering an alternative to reader-side linguistic proxies. In doing so, we extend prior XBRL
research - including Hoitash and Hoitash (2018) - by shifting attention from the consequences
of reporting complexity to its behavioural determinants, specifically tax avoidance incentives.
Second, we distinguish between complexity arising from standardised taxonomy tags and
complexity driven by discretionary extended tags, providing new insight into whether reporting
complexity reflects structural necessity or managerial discretion. To the best of our knowledge,

no prior study directly links extended XBRL tag usage to corporate tax avoidance behaviour.

Third, by examining the role of IRS audit probability, we shed light on how enforcement risk
shapes the relationship between tax planning and reporting structure. Prior research suggests
that audit exposure may lead firms to adopt more conservative tax strategies (Hoopes €t al.,
2012; Antinozzi & Stanley, 2024), but it isunclear how it affects disclosure complexity. Fourth,
this study contributes to the tax avoidance literature by offering more precise evidence on the

relationship between tax avoidance and disclosure complexity. Prior narrative-based studies



report inconsistent findings on this relationship, partly because linguistic measures cannot
cleanly separate discretionary reporting choices from unavoidable technical complexity. By
employing a preparer-side, XBRL-based measure, we provide more direct evidence that tax
avoidance is associated with deliberate structuring of digital disclosures, extending the tax

avoidance literature with a more robust and granular test of this relationship.

Using a large sample of U.S. firms, we document a robust positive relationship between
corporate tax avoidance and accounting reporting complexity. Firms with higher levels of tax
avoidance use more XBRL tags overall and rely more heavily on discretionary extended tags.
Subsample analyses reveal that this relationship is more pronounced among firms with high
levels of tax avoidance, and that the effect is strongest for the extensions component, indicating
that discretionary structuring choices within XBRL play a central role. In contrast, among low
tax-avoidance firms, the relationship is weaker or negative, particularly for standardised
taxonomy tags. Moreover, the positive relationship between tax avoidance and reporting
complexity is stronger among firms facing higher IRS audit risk, suggesting that complexity
does not dissipate under heightened scrutiny. Finally, we find that the relationship is amplified
for firmswith greater financial capacity, consistent with higher-capacity firms being better able
to sustain more sophisticated tax strategies and the associated reporting complexity. These
findings remain robust across aternative tax avoidance measures, cross-sectional analyses, and
a range of additional robustness tests, including 2SLS and difference-in-differences (DiD)
analyses.

The remainder of the paper is organised as follows. Section 2 develops the theoretical
framework and hypotheses. Section 3 describes the research design. Section 4 presents the
empirical results and robustness analyses. Section 5 concludes and discusses implications for

research, regulation, and practice.



2. Literaturereview, theory and hypothesis development

2.1. Corporatetax avoidance and itsincentives

Corporate tax avoidance refers to a variety of legal and strategic actions that reduce a firm’'s
tax burden. Dyreng et a. (2008) define it as any action taken by management to lower the
firm’s cash effective tax rate over time. Hanlon and Heitzman (2010) describe it more broadly
as the reduction of explicit tax liability and emphasize that tax avoidance encompasses a
spectrum of behaviors, ranging from benign tax planning to highly aggressive activities that
risk regulatory challenge. Examples of such strategies include shifting profits to tax havens,
manipulating transfer prices, or registering intangible assets in low-tax jurisdictions (Sikka &

Willmott, 2010; Hasan et a., 2014; Sikka, 2017).

Degspite variation in how tax avoidance is defined, it is well established in the accounting
literature that managers have strong incentives to reduce corporate tax liabilities. These
incentives are driven by the potential to enhance after-tax income and satisfy shareholder
demands (Armstrong et al., 2012; Cao et a., 2012; Rego & Wilson, 2012; Khan et a., 2017,
Ming-Chinet a., 2020; Baker et al., 2023; Shim, 2024; Chandrasenaet a., 2025). Accordingly,
firms that engage in higher levels of tax avoidance may aso seek to reduce the visibility of
these actions by limiting or complicating the information they disclose. As noted by Nguyen
(2020), such firms may adopt strategies to obscure tax-related activities and reduce the

likelihood of regulatory or public scrutiny.

Tax enforcement risk is a key consideration for managers contemplating aggressive tax
strategies. Graham et al. (2014) find that firms explicitly factor the likelihood of detection by
tax authorities into their tax planning decisions. Public disclosures, particularly 10-K filings,

are known to be reviewed by the Internal Revenue Service (IRS) for clues about tax planning



and potential compliance risks (Bozanic et a., 2017; Chen et a., 2021). Faced with this
scrutiny, firms may choose between two approaches. One is to enhance transparency and
preempt tax authority concerns. The other is to increase reporting complexity, either as a

deliberate obfuscation tactic or as areflection of the inherent intricacy of their operations.

Severa studies support the idea that firms reduce transparency when pursuing aggressive tax
strategies. For example, Hope et al. (2013) find that firms discontinue geographic earnings
disclosures to conceal profit shifting. Balakrishnan et al. (2019) and Beuselinck et al. (2018)
report that tax-aggressive firms tend to issue more complex financia statements, which may
make it harder for users to identify tax-related behavior. Nguyen (2020) similarly finds that
lower readability of financial statements is associated with higher tax avoidance. However,
another line of research argues that complexity in reporting may be unintentional. Studies by
Bushee et a. (2018), Dyer et a. (2017), and Guay et a. (2016) suggest that disclosure
complexity often reflects the nature of a firm’'s operations or the diversity of applicable
accounting standards. In this view, complexity is informational rather than strategic. In fact,
Guay et a. (2016) find that some managers respond to this issue by voluntarily increasing
disclosure clarity to mitigate the negative effects of complexity. These competing
interpretationsrai se an important consideration for this study: whether the compl exity observed
in the financial disclosures of tax-avoiding firms primarily reflects the underlying intricacies
of their operations, or whether it may also be influenced by the discretion managers have in

structuring their reporting.

Notwithstanding this evidence, the measures used in prior research have important limitations.
Loughran and McDonald (2014) argue that traditional readability indices such asthe Fog Index

are poorly specified for financia texts, as they mechanically classify technical accounting



terminology as complex even when such language is well understood by sophisticated users.
More fundamentally, linguistic measures reflect the experience of the reader rather than the
reporting decisions of the preparer, potentially conflating strategic obfuscation with
unavoidable technical complexity (Loughran and McDonald, 2014; Hoitash and Hoitash,
2018). As aresult, existing evidence on the relationship between tax avoidance and disclosure

complexity may be sensitive to measurement choice.

These limitations have motivated a shift toward preparer-side, structural measures of reporting
complexity, particularly in the context of digital financia reporting. The mandatory adoption
of XBRL wasintended to enhance transparency and comparability through the standardisation
of accounting information. However, while firms are required to use predefined taxonomy
elements when available, the reporting framework allows discretion through the creation of
firm-specific extensions. Prior research shows that extensive use of extensions can reduce
cross-firm comparability, increase information processing costs, and impair the usefulness of
financial reports for users (Dhole et al., 2015; Kim et al., 2019; Huang et a., 2019; Salem et
a., 2025). This highlights the potential of XBRL structure to reveal differences in reporting
discretion, and motivates our adoption of the ARC measure devel oped by Hoitash and Hoitash

(2018) as a preparer-side, non-linguistic proxy for accounting reporting complexity.

2.2. Theory and hypothesis development

The management obfuscation hypothesis provides the primary theoretical framework for this
study. Originally articulated by Bloomfield (2002), it posits that managers facing heightened
scrutiny or adverse incentives may respond by altering the form rather than the content of
disclosure. In environments with mandatory reporting, managers retain discretion over how

information is structured and presented, enabling them to comply with disclosure requirements



while increasing information processing costs for external users (Bloomfield, 2002; Guay et
al., 2016). Empirical research supports this view: Li (2008) shows that firms with weaker
performance issue less readable annual reports, and Y ou and Zhang (2009) and Lehavy et al.
(2011) find that greater complexity impairsinvestors ability to process information. However,
as Bushee et al. (2018) note, complexity also captures an information component - firms may

increase detail to convey economically complex activities rather than to obscure them.

Theseinsights extend naturally to digital financial reporting. The mandatory adoption of XBRL
was intended to enhance transparency and comparability, but the framework permits discretion
through firm-specific extensions. Prior research shows that extensive extension use reduces
comparability, increases information processing costs, and can impair report usefulness (Dhole
et al., 2015; Huang et a ., 2019). If managers engaged in aggressive tax planning face incentives
to limit the visibility of sensitive activities, they may increase reporting complexity through

discretionary XBRL structuring choices while remaining formally compliant.

An aternative view holds that complexity need not reflect obfuscation. Firms engaged in
sophisticated activities such as advanced tax planning may provide more detailed and
structured reporting to clarify economic substance and demonstrate compliance (Guay et al.,
2016; Peterson, 2012; Bushee et a., 2018). Under this interpretation, reporting complexity is
informational rather than strategic, reflecting the inherent intricacy of complex transactions

and the application of detailed standards.

Taken together, although part of reporting complexity may reflect legitimate disclosure

responses to complex activities, the management obfuscation hypothesis predicts that firms
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engaging in activities associated with heightened scrutiny will, on average, exhibit greater
reporting complexity. We therefore hypothesize:

H1: Corporate tax avoidance is positively associated with accounting reporting complexity.

3. Research design

3.1. Dataand sample

Our initial sample comprises 40,737 U.S. firm-year observations with available ARC data over
20112020 (Table 1, Panel A). We exclude financial services and utilities because these
industries face distinct regulatory and reporting environments that imply different disclosure
requirements and tax incentives (Dyreng et a., 2017; Moussa et a., 2020). We then remove
785 observations lacking the data required to compute the GAAP effective tax rate (ETR) and
the cash effective tax rate (CETR). Consistent with prior research (e.g., Dyreng et a., 2017,
Inger et al., 2018; Nguyen, 2020), we exclude 17,509 observations with negative pre-tax
income because ETR-based measures are not economically interpretable when the denominator
isnegative. Finally, we drop 4,208 observations with missing values for control variables. The
final sample used in the empirical analyses comprises 18,235 firm-year observations. Table 1,
Panel B reports the industry distribution of the final sample. Tax avoidance and financia data
are obtained from Compustat, and ARC data are obtained from Hoitash and Hoitash (2018).2

[Insert Table 1 here]

3.2. Empirical model and variables measur ement
To examine whether corporate tax avoidance influences accounting reporting complexity, we
estimate the following empirical model (Eq. 1) (where i and t denote firm and fiscal-year

indicators, respectively):

2 An updated set of datais available at: www.xbrlresearch.com/accounting-reporting-compl exity/
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We use fixed-effects panel regressions. This approach effectively mitigates unobserved
heterogeneity across industries and time periods, enhancing the robustness of our findings
(Hsiaon, 2022). Using the fixed effects regression model is advantageous because it increases
the consistency and efficiency of estimations, allowing for more precise inferences by
controlling for omitted variable bias and unobserved heterogeneity among the sampled firms
over time (Wooldridge, 2010). We aso winsorize al continuous variables at the 1st and 99th
percentiles to mitigate the influence of extreme values. Moreover, we use heteroskedasticity-
robust standard errors clustered by firm and year to account for within-firm and within-year

correlation in the error terms (Petersen, 2009).

The dependent variable for this study is Accounting Reporting Complexity (ARC), which
captures the complexity of financial reporting from the preparer’s perspective using XBRL-
tagged disclosures. We adopt the ARC measure devel oped by Hoitash and Hoitash (2018), who
conceptualise accounting complexity as the difficulty faced by preparers in applying
authoritative accounting standards and communicating the economic substance of a firm's
activities through financial reports. This notion is consistent with the Advisory Committee on
Improvements to Financial Reporting (SEC, 2008), which emphasises that accounting
complexity arises from both the volume and diversity of accounting standards and the

information required to apply them.

ARC isconstructed using XBRL datafrom Item 8 of firms’ Form 10-K filings, which includes

the financial statements and accompanying notes (Hoitash and Hoitash, 2018). In the XBRL

12



U.S. GAAP taxonomy, each accounting concept (e.g., revenues, deferred tax assets, lease
obligations) is represented by a unique tag that is linked to authoritative GAAP guidance.
Preparing and disclosing a larger number of distinct accounting concepts requires preparers to
collect, categorise, analyse, and apply a broader and more diverse set of accounting standards,
thereby increasing preparation complexity. Consistent with task complexity theory, greater
information load and diversity increase the difficulty of judgment and execution, even in the

absence of intentional obfuscation (Campbell, 1988; Bonner, 1994).

ARC is measured as the natural logarithm of the total number of distinct, non-repeating,
monetary, annual XBRL tags reported in Item 8 of the 10-K. Tags that repeat within afiling
(for exampl e, the same accounting concept disclosed for multiplefiscal years) are counted only
once, as repetition does not materially increase preparation difficulty. By focusing exclusively
on monetary accounting tags, ARC isolates accounting reporting complexity from narrative or
non-accounting content. This construction yields an objective, replicable, and comprehensive
measure of firm-level accounting reporting complexity that exhibits both cross-sectional and

within-firm variation.

Hoitash and Hoitash (2018) distinguish between standardised and discretionary components of
ARC, reflecting taxonomy-based tags and firm-specific extensions. In linewith thisdistinction,
we separately examine the use of standardised and extended XBRL tags in our empirical
analysis. Specifically, TAXONOMY is measured as the natural logarithm of the number of
distinct monetary tags drawn from the U.S. GAAP taxonomy available at the time of filing.
These tags are constrained by regulatory definitions and reflect complexity arising from
standardised reporting requirements. EXTENSIONS is measured as the natural logarithm of
the number of distinct monetary extended tags created by the firm. Because extensions are
permitted only when no suitable taxonomy element exists, they reflect greater preparer
discretion in structuring disclosures. Examining these components alongside the overal ARC

13



measure allows us to assess whether observed reporting complexity is more closely related to
standardised reporting requirements or discretionary reporting choices within the XBRL

framework.

Our main independent variableis corporate tax avoidance (TA). Consistent with prior literature
(e.g., Cook et ., 2017; Dyreng et d., 2017; Hanlon & Heitzman, 2010; Inger et a., 2018; Law
& Mills, 2015; Minnick & Noga, 2010; Nguyen, 2020; Wang et al., 2021), we employ two
common measures of tax avoidance: GAAP ETR (effective tax rate) and CETR (cash effective
tax rate). GAAP ETR is computed as total tax expense divided by pre-tax book income after
excluding specia items. CETR is computed as cash taxes paid divided by pre-tax book income
after excluding specia items. We winsorize ETR and CETR to lie between 0 and 1 and then
multiply them by negative one. The resulting variables are denoted as TA_ETR and

TA_CETR, where higher values indicate higher levels of tax avoidance.

We also include several control variables to reduce omitted variables bias by following prior
studies (see, for example, Balakrishnan et a., 2019; Benamraoui et al., 2023; Ezeani et a.,
2022; Ezeani et a., 2025; Hoitash & Hoitash, 2018; Moussa et a., 2026; Moussa et a ., 2022;
Nguyen, 2020; Usman et al., 2026; Kwabi et al., 2024). These include firm size (FSIZE), firm
profitability (ROE), liquidity (LIQU), leverage (LEV), growth opportunities (MTB), earnings
volatility (EVOL), mergers and acquisitions (MA), business segments (B_SEG), foreign
segments (F_SEG), and the number of employees (EMP). In addition to firm fundamentals and
operating complexity controls, we incorporate variables related to management characteristics
and corporate governance in additional analyses and robustness checks. Specifically, we
include CEO_TENURE (the number of years the Chief Executive Officer has served in their
current role), CEO_PQF (a binary dummy equal to 1 if the CEO possesses a professional
qualification, such as CPA or CFA, and 0 otherwise), and BETA (ameasure of the sensitivity
of afirm’sstock returnsto abenchmark index, estimated using aleast squares regression based

14



on up to 60 monthly returns, with a minimum of 24). We aso include a governance factor,
GOV, constructed using Principal Component Analysis (PCA) of audit committee
independence, compensation committee independence, and board independence metrics, with
the PCA yielding a single factor (eigenvalue > 1) that captures overall corporate governance

quality. Table 2 providesalist of variables and their definitions.

[Insert Table 2 here]

4. Empirical results and discussion

4.1. Descriptive statistics

Table 3 reports summary statisticsfor all variablesin the full sample, aswell asfor subsamples
of high and low tax-avoiding firms. On average, firmsreport approximately 231 distinct XBRL
tags in their financial statements and footnote disclosures, with a standard deviation of 151.
This indicates a substantial variation in accounting reporting complexity (ARC) across firms.
Regarding the sub-components of ARC, the average number of standard taxonomy tags
(TAXONOMY) is approximately 195, while the mean number of extended tags
(EXTENSIONS) is about 36. Table 3 also shows that the mean (median) values of TA_ETR
and TA_CETR are 0.193 (0.200) and 0.189 (0.170), respectively, which are consistent with
previous findings in the literature (e.g., Balakrishnan et al., 2019; Cen et al., 2017; Dyreng et
al., 2017; Koester et a., 2017; Inger et a., 2018; Nguyen, 2020; Ple¢nik & Wang, 2021; Y ang

et al., 2025).

Panel B of Table 3 presents the results of univariate tests comparing ARC measures between
high and low tax-avoiding firms (based on quintiles). Firms in the highest tax-avoidance
quintile exhibit significantly higher valuesfor ARC, TAXONOMY, EXTENSIONS, and ALL-
FACTS than those in the lowest quintile. For example, the mean (median) ARC value is

approximately 31 percent (45 percent) higher for high tax-avoiding firms relative to the full-

15



sample average (median), while it is approximately 31 percent (37 percent) lower among low
tax-avoiding firms. Thispreliminary result is consistent with prior studiesindicating that higher
tax avoidance is related to greater disclosure complexity (Balakrishnan et a., 2019; Inger et
al., 2018; Nguyen, 2020). This complexity may arise from either the underlying operational
structure of these firms or from discretionary decisions in the construction of financial
disclosures.

[Insert Table 3 here]
Table 4 presents the Pearson correlation matrix for the variables used in the regression
analyses. Both tax avoidance proxies (TA_ETR and TA_CETR) show positive and statistically
significant correlations with ARC, TAXONOMY, EXTENSIONS, and ALL-FACTS, with
coefficients ranging from 0.059 to 0.367. These results are consistent with our hypothesis that
greater tax avoidance is related to more complex financial reporting. Furthermore, the
correlation analysis reveals generally low correlations among the independent and control
variables, suggesting that multicollinearity is unlikely to be a material issue.

[Insert Table 4 here]
4.2. Main results
Table5 presentsthe results of our main regressions examining whether corporate tax avoidance
influences accounting reporting complexity. Models (1)-(3) report specifications that use
TA_ETR as the tax avoidance proxy, with ARC, EXTENSIONS, and TAXONOMY as
dependent variables, respectively. Models (4)-(6) repeat the analysis using TA_CETR. All

models include the full set of control variables as well as year and industry fixed effects.

Models (1) and (4) report the baseline results for overall reporting complexity (ARC). The
coefficients on both tax avoidance proxies are positive and statistically significant (TA_ETR

=1.056, p<0.05; TA_CETR=1.072, p<0.05), indicating that firmswith higher tax avoidance

16



exhibit higher accounting reporting complexity in XBRL disclosures. The effects are
economically meaningful. Using TA_ETR, aone-standard-deviation increase in tax avoidance
(0.169) impliesa0.178 increase in log(ARC), corresponding to an approximate 19.5% increase
in the number of distinct XBRL tags. Using TA_CETR, a one-standard-deviation increase
(0.168) implies a 0.180 increase in log(ARC), corresponding to an approximate 19.7%
increase. This result is consistent with prior evidence that firms with higher tax avoidance
exhibit more complex disclosure environments (e.g., Balakrishnan et al., 2019; Inger et al.,
2018; Nguyen, 2020) and supports the view that activities subject to heightened scrutiny and

potential regulatory or reputational costs are associated with greater reporting complexity.

The decomposition of ARC into EXTENSIONS and TAXONOMY provides clearer insight
into the channels underlying the main effect. Models (2) and (5) focus on EXTENSIONS, the
discretionary component of XBRL reporting. The coefficients on tax avoidance are positive
and highly significant for both proxies (TA_ETR = 1.696, p < 0.01; TA_CETR =0.989, p <
0.01), indicating that higher tax avoidance is linked to greater use of firm-created tags. This
result is consistent with the management obfuscation hypothesis (Bloomfield, 2002), which
posits that managers can comply with disclosure requirements while increasing information
processing costs through presentation and structuring choices (Bloomfield, 2002; Guay et al.,
2016). It also aligns with XBRL evidence that extensive extension use reduces comparability
and increases processing costs (Dhole et a., 2015; Huang et al., 2019; Kim et al., 2019). The
economic magnitude is substantial: based on Model (2), a one standard deviation increase in
TA_ETR implies a 0.286 increase in log(EXTENSIONS), corresponding to an approximate
33.1% increase in extended tags. The stronger and more consistent effects observed for
EXTENSIONS indicate that discretionary digital reporting choices play a central role in how

reporting complexity rises with tax avoidance.
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Models (3) and (6) report results for TAXONOMY, the standardised component of XBRL
tagging. Model (3) shows a positive and significant coefficient for TA_ETR (0.756, p < 0.05),
whereas Model (6) shows an insignificant coefficient for TA_CETR (0.028, p > 0.10). The
economic magnitude is smaller than for EXTENSIONS. Using TA_ETR, a one-standard-
deviation increase in tax avoidance corresponds to a 0.128 increase in |og(TAXONOMY),
implying an approximate 13.6% increase in taxonomy tags. This finding is consistent with the
structural complexity and information provision perspective, which views part of reporting
complexity as reflecting economically intricate activities and the application of detailed
standards to complex transactions (Peterson, 2012; Guay et al., 2016; Bushee et a., 2018).
However, the stronger and more consistent effects observed for EXTENSIONS indicate that
the tax avoidance—complexity relationship is not explained solely by underlying economic
structure, and that discretionary tagging choices play an important role in shaping digital

reporting complexity.

Taken together, the results presented in Table 5 provide evidence that corporate tax avoidance
isrelated to higher accounting reporting complexity, with the strongest effects concentrated in
the discretionary EXTENSIONS component. This provides empirical support for H1. The
results also align with the management obfuscation hypothesis, suggesting that managers can
increase the complexity of digital disclosures through discretionary reporting choices while
remaining compliant with mandatory reporting requirements (Bloomfield, 2002; Guay et al.,
2016). These findings are also consistent with prior evidence on tax avoidance and disclosure
complexity (Balakrishnan et a., 2019; Inger et al., 2018; Nguyen, 2020) by showing that the
relationship manifests directly in the digital architecture of machine-readable reports. In terms

of control variables, the results are generally consistent with the prior literature (e.g.,
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Balakrishnan et a., 2019; Dyreng et a., 2017; Hoitash & Hoitash, 2018; Nguyen, 2020): firm
size (FSIZE), leverage (LEV), merger and acquisition activity (MA), and business segments
(B_SEG) are positively related to reporting complexity, while liquidity (LIQU), profitability
(ROE), growth opportunities (MTB), and foreign segments (F_SEG) are negatively related to
complexity across specifications.
[Insert Table5 here]

To add more depth to the main results, Table 6 provides a subsample analysis by separating
firmsinto high and low tax-avoidance subsamples. This analysis allows us to assess whether
the tax avoidance—complexity relationship differs across firms with materially different tax
avoidance profiles. Across panels, the results show that the positive relationship is stronger
among high tax-avoiding firms and is strongest for the discretionary EXTENSIONS
component. In Panel A (ARC), the coefficient on TA_ETR is positive and statistically
significant in the high-tax-avoidance subsample (Model (1): TA_ETR =3.275, p< 0.01), while
it is negative and statistically significant in the low-tax-avoidance subsample (Model (2):
TA_ETR =-1.377, p < 0.01). This result indicates that the positive effect between ARC and
tax avoidance is more pronounced among firms already operating at higher levels of tax

avoidance, where incentives to manage visibility and perceived costs are likely stronger.

Panel B (EXTENSIONS) provides the clearest evidence: tax avoidance is positively and
statistically significantly related to EXTENSIONS in the high-tax-avoidance subsample
(Model (1): TA_ETR=2.971, p<0.01; Model (3): TA_CETR =2.491, p<0.01), but negative
and dtatistically significant in the low-tax-avoidance subsample (Model (2): TA_ETR =
—3.582, p < 0.01; Mode (4): TA_CETR = —2.603, p < 0.01). This differential effect across
subsamples is consistent with the management obfuscation hypothesis (Bloomfield, 2002):

where tax avoidance is already elevated and scrutiny is likely higher, managers appear to rely
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more on discretionary XBRL structuring choices, which can raise information-processing costs
and reduce comparability (Guay et a., 2016; Dhole et al., 2015; Huang et a., 2019; Kim et al .,
2019). The fact that the strongest subsample effects emerge precisely in EXTENSIONS
supports the interpretation that discretionary design choices within XBRL, rather than only
underlying transaction complexity, are an important mechanism linking tax avoidanceto higher

reporting complexity.

Panel C (TAXONOMY) further supports thisinterpretation, showing negative and statistically
significant coefficients in the high-tax-avoidance subsample (Model (1): TA_ETR=-1.039, p
<0.01; Moddl (3): TA_CETR =-0.489, p < 0.01), while the corresponding coefficientsin the
low-tax-avoidance subsample are statistically insignificant. This result suggests that, among
high tax-avoiding firms, increases in tax avoidance are consistent with reduced reliance on
standardised taxonomy tags and greater reliance on firm-specific extensions, reinforcing the
view that complexity increases through discretionary structuring of disclosures rather than
through greater reliance on standardised reporting elements. This result is also consistent with
prior studies (e.g., Inger et a., 2018; Nguyen, 2020), indicating that firms with lower levels of

tax avoidance tend to exhibit less complex disclosure environments.

Overall, the results reinforce that the relationship between tax avoidance and digital reporting
complexity is most pronounced among high tax-avoiding firms and is driven primarily by
discretionary EXTENSIONS rather than standardised taxonomy tags.

[Insert Table 6 here]

20



4.3. Endogeneity and robustness checks

In this section, we perform abattery of endogeneity and robustness checksto assessthe stability
of the main findings. First, we re-estimate the baseline specifications using alternative
measures of accounting reporting complexity and tax avoidance to ensure that the results are
not driven by variable construction. Second, we incorporate controls for CEO characteristics,
corporate governance, and market volatility to address potential omitted variable concerns.
Third, we examine a lagged ARC—ax avoidance structure to reduce concerns about reverse
timing. Fourth, we implement a two-stage least squares (2SLS) approach to mitigate
endogeneity in tax avoidance. Finaly, we apply a propensity score matched difference-in-
differences (PSM-DID) design to strengthen identification by comparing firms exposed to the

relevant setting with matched control firms.

4.3.1. Alternative measures of ARC and tax avoidance

To assess the robustness of the main results, we re-estimate the baseline specifications using
alternative proxiesfor both accounting reporting complexity and tax avoidance. Table 7 reports
the results of these robustness tests. First, to test whether the findings are sensitive to the
measurement of accounting reporting complexity, following Hoitash and Hoitash (2018), we
replace ARC with ALL-FACTS, which captures the total number of annual monetary XBRL
tags reported in the financial statements and notes, including repeating facts (see Table 2 for
definitions). Models (1) and (2) of Table 7 report results using ALL-FACTS as the dependent
variable and show positive and statistically significant coefficients on TA_ETR (Model (1):
6.651, p<0.01) and TA_CETR (Model (2): 3.094, p < 0.10), indicating that the tax avoidance—
complexity relationship is robust to an alternative complexity proxy that incorporates both the
breadth and frequency of tagging. These results are generally consistent with those in Table 5,

suggesting that our evidence is robust across alternative measures of ARC and tax avoidance.
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Second, to examine whether the findings depend on effective tax rate—based measures, we use
TAX_HAVEN, defined as the natural log of the number of tax havens (Dyreng and Lindsey,
2009). Model (3) shows a positive and statistically significant coefficient (TAX_HAVEN =
4.251, p < 0.01), which is consistent with the baseline evidence that higher tax avoidance is
linked to greater reporting complexity. Third, we employ TAX_AVOID3, which captures tax
avoidance as the difference between the statutory tax on pre-tax book income before special
items and current taxes paid, scaled by pre-tax income over a three-year window (Atwood et
al., 2012; Kanagaretnam et al., 2018). Model (4) reports a positive and statistically significant
coefficient (TAX_AVOID3 = 3.535, p < 0.05). Finally, we use DTAX (Frank et al., 2009),
measured as the residual from industry-year regressions of permanent book-tax differenceson
non-discretionary determinants such as intangible assets and state taxes. Model (5) shows a
positive and statistically significant coefficient (DTAX =0.076, p < 0.01). Taken together, the
resultsin Table 7 indicate that the positive relationship between corporate tax avoidance and
accounting reporting complexity remains stable across aternative measures of reporting
complexity and a broader set of tax avoidance proxies.

[Insert Table 7 here]

4.3.2. Additional controls for CEO characteristics, governance, and market
volatility

As an additional robustness test, Table 8 re-estimates the baseline specifications after
incorporating controls for CEO characteristics, corporate governance, and market risk, which
prior studies show can shape the readability and quality of corporate reporting (e.g., Bilal et
al., 2023; Sun et al., 2022; Moussa et al., 2023; Duong et a., 2024; Oradi et a., 2024; Kalelkar
et al., 2024; Rahman and Kabir, 2024; Tantawy and Moussa, 2023). In particular, we include
CEO tenure (CEO_TENURE) and CEO professional qualification (CEO_PQF) to capture

CEO experience and financial expertise, which have been associated with variation in
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disclosure readability and reporting choices. Weinclude a governance factor (GOV) to capture
board-level monitoring that has been linked to reporting transparency and readability. Finaly,
we control for market risk (BETA) to account for differences in firms information

environments and risk profiles that may coincide with reporting outcomes.

The key inferences remain stable. In Models (1)—(3), the coefficientson TA_ETR are positive
and statistically significant across ARC, EXTENSIONS, and TAXONOMY (TA_ETR =
0.153, p<0.01; 0.546, p< 0.01; 0.109, p < 0.01), indicating that the main findings persist after
accounting for CEO and governance characteristics. In Models (4)—«6), TA_CETR remains
positive and statistically significant for ARC and EXTENSIONS (TA_CETR =0.070, p<0.05;
0.310, p < 0.01), while the coefficient for TAXONOMY is positive but not statistically
significant (TA_CETR = 0.044). Moreover, CEO TENURE is negatively related to
EXTENSIONS in both TA specifications, and CEO_PQF is negatively related to ARC and
TAXONOMY, consistent with prior research that CEO attributes can shape financial reporting
quality and readability (e.g., Duong et a., 2024; Oradi et a., 2024; Kaekar et a., 2024,
Rahman and Kabir, 2024). Overal, the results indicate that the positive tax avoidance—
complexity relationship remains stable after accounting for managerial characteristics,
governance quality, and market risk.

[Insert Table 8 here]

4.3.3. Lagged ARC- TA structure

To address potential endogeneity concerns where accounting reporting complexity and tax
avoidance may be simultaneously determined, we estimate a lagged ARC—tax avoidance
structure (Larcker & Rusticus, 2010). Specifically, we employ a dynamic specification by
incorporating a one-year lag of the dependent variable (i.e.,, L.ARC, L.LEXTENSIONS, and

L. TAXONOMY) to account for the stochastic persistence of reporting complexity, and to

23



reduce concerns that the results reflect lingering effects of prior firm conditions not fully

captured by the control variables, thereby helping attenuate concerns about reverse causality.

Table 9 reports the results and shows that the coefficients on the tax avoidance proxies remain
positive and statistically significant across the main specifications, with the strongest and most
consistent effects observed for EXTENSIONS. The lagged dependent variables are positive
and highly significant in all specifications (e.g., L.ARC =0.265, p<0.01; L. EXTENSIONS =
0.419, p<0.01; L.TAXONOMY =0.291, p < 0.01), indicating strong persistence in reporting
complexity over time. Importantly, the continued significance of the tax avoidance coefficients
after controlling for lagged complexity suggests that the main results are not driven solely by
time-invariant firm characteristics or routine persistence in reporting structure. This result
reinforces that the positive tax avoidance—complexity relationship remains stable under a
lagged specification and continues to be most pronounced in the discretionary extension tags
component.

[Insert Table 9 here]

4.3.4. Two-Stage L east Squares (2SL S) regression

To further address endogeneity concerns that may arise from omitted time-varying factors and
potential simultaneity between corporate tax avoidance and accounting reporting complexity,
we employ a Two-Stage Least Squares (2SLS) instrumental-variable (1V) approach. 2SLS is
widely used to mitigate omitted-variable bias and reduce the risk that the regressor of interest
iscorrelated with the error term (Angrist & Krueger, 2001), and it is particularly relevant when

reverse causality is a plausible concern (Larcker & Rusticus, 2010).

Inlinewith prior studies (e.g., Cai et a., 2011; Banerjeeet a., 2022) that treat peer or industry-

year averages of the endogenous variable as a valid source of exogenous variation, we
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instrument firm-level tax avoidance using the leave-one-out industry—year average tax
avoidance (excluding thefocal firm). ThislV isexpected to satisfy (i) relevance, because firms
in the same industry-year face similar tax planning opportunities, enforcement environments,
and peer influences that shape tax behaviour, and (ii) the exclusion restriction, because other
firms' industry-year tax avoidance should not directly affect the focal firm's XBRL reporting

complexity once we condition on firm controls and year and industry fixed effects.

Table 10 reports the first-stage and second-stage 2SL S estimates. In Panel A, the excluded
instruments are positively and statistically significantly associated with the endogenous tax
avoidance measures, supporting instrument relevance. In Panel B, Models (1)—«3) use
instrumented TA_ETR as the endogenous tax avoidance proxy, while Models (4)—6) use
instrumented TA_CETR. Across al six second-stage models, the coefficients on the
instrumented tax avoidance measures remain positive and statistically significant, consistent
with the baseline results. This evidence supports the conclusion that the positive association
between tax avoidance and XBRL reporting complexity isunlikely to be driven by endogenous

variation in the tax avoidance proxies.

The IV diagnostics reported in Table 10 strongly support instrument relevance and strength.
First, the underidentification tests (Kleibergen—Paap rk LM statistics) are large (100.026 for
the TA_ETR specifications and 78.421 for the TA_CETR specifications), rejecting the null of
underidentification and indicating that the model is identified. Second, the weak-instrument
diagnostics indicate strong instrument relevance. The Cragg—-Donald Wald F-statistics
(106.485 for TA_ETR and 86.074 for TA_CETR) and the corresponding Kleibergen—Paap rk
Wald F-statistics (101.061 and 84.057) comfortably exceed the Stock—Y ogo critical value of

16.38 (10% maximal IV size), alleviating concerns about weak instruments (Stock & Y ogo,
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2005). Taken together, these diagnostics indicate that the instrument is sufficiently relevant
and strong for the 2SLS estimation. Collectively, the 2SLS evidence reinforces the
interpretation that corporate tax avoidance influences accounting reporting complexity,
including complexity reflected in firms' XBRL tagging structure, and that the main results are
not an artefact of reverse causality or omitted time-varying determinants of reporting outcomes.

[Insert Table 10 here]

4.35. Propensity Score Matched Difference-in-Differences (PSM-DI D) model

To further address endogeneity concerns, we follow prior tax settings that exploit major
regulatory shocks as quasi-natural experiments and implement a propensity score matched
difference in differences design. Prior studies (e.g., Boubaker et al., 2016; ElImarzouky et al.,
2025; Nguyen, 2020) show that combining propensity score matching with a DiD framework
can sharpen identification by comparing treated and control firmsthat are similar immediately

before atax shock, and then examining their differential change after the reform.

In our setting, the 2017 Tax Cuts and Jobs Act (TCJA) provides a large, exogenous shock to
U.S. corporate taxation, including a reduction in the statutory corporate rate and a major
redesign of international tax rules. These changes are expected to alter the net benefits of
sophisticated tax planning for firms with higher foreign exposure, and therefore offer a setting
to test whether the link between tax avoidance incentives and digital reporting complexity
reflects a causal response to tax incentives rather than a purely correlational association. The
treatment group comprises firms with high foreign exposure (more directly affected by the
international tax provisions), while the control group comprises firms with low foreign

exposure.
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To strengthen comparability between the two groups, we first apply propensity score matching
using pre reform covariates (measured in 2016), excluding the treatment defining foreign
segment measure (F_SEG) and the closely related segment count (B_SEG). The post match
balance diagnosticsin Panel A of Table 11 indicate that most matched covariates exhibit small
and statistically insignificant mean differences between treatment and control firms, suggesting
improved comparability in observable characteristics before the TCJA. Some differences
remain (for example, in MA and segment measures), so we retain the full set of controls and

fixed effectsin the DiD estimation to further absorb residual observable heterogeneity.

Panel B of Table 11 reports the DID estimates. The coefficient on the interaction term
(POST*TREATMENT), which captures the differential post-TCJA change in reporting
complexity for treated firms relative to control firms, is negative and statistically significant
for ARC (POST*TREATMENT = -0.035, p < 010) and TAXONOMY
(POST*TREATMENT = —0.036, p < 0.05), while it is negative but statistically insignificant
for EXTENSIONS. These results indicate that, following the TCJA, firms with high foreign
exposure experience a relative decline in digital reporting complexity compared to otherwise
similar low-exposure firms. Taken together, the PSM-DiD evidence supports the interpretation
that the tax avoidance—complexity relation is responsive to tax incentives, consistent with the
view that at least part of XBRL-based complexity reflects discretionary reporting choices that
adjust when the value of tax planning changes.

[Insert Table 11 here]
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4.4. Additional analysesand underlying channels

44.1. Theimpact of IRS audit probability

To sharpen the mechanism behind the main results, we conduct a cross-sectional analysis
motivated by the argument of tax audit risk mitigation. Prior research (e.g., Hoopeset a., 2012;
Nguyen, 2020) suggests that tax enforcement risk may shape both tax planning and disclosure
incentives. When audit likelihood is higher, managers face greater expected costs if tax
positions are detected and challenged (including potential penalties, reputational costs, and
managerial consequences). Importantly, tax authorities do not rely solely on private tax-return
information: they can also use firms public financial statements and 10-K disclosures to
corroborate private claims and identify risk indicators (see, for example, Hoopes et a., 2012;
Nguyen, 2020). For example, Nguyen (2020) finds that the negative relationship between tax
avoidance and financial statement readability is stronger when ex ante audit probability is
higher and in industries exposed to greater tax risk. Building on this enforcement-based
argument, we test whether the tax avoidance-complexity relation varies with IRS audit

probability in our XBRL setting.

Table 12 reports subsampl e regressions split by IRS audit probability (above versus below the
median) and re-estimates the tax avoidance-ARC relation within each group. The results
indicate that the positive relationship between tax avoidance and accounting reporting
complexity is more pronounced when audit probability is higher. Using TA_ETR, the
coefficient is 0.637 (p < 0.01) in the high-audit subsample versus 0.407 (p < 0.05) in the low-
audit subsample. Using TA_CETR, the coefficient is 0.355 (p < 0.05) in the high-audit
subsample versus 0.221 (p < 0.10) in the low-audit subsample. Thisresult indicates that the tax
avoidance-complexity relation persists under both high and low scrutiny but is more

pronounced when expected enforcement is higher.
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Thisresult is consistent with the audit-risk mitigation mechanism: when the likelihood of IRS
scrutiny increases, managers expected costs of detection and challenge rise, strengthening
incentives to manage visibility through the structure of disclosures while remaining compliant.
In particular, higher enforcement risk can amplify incentives to increase information-
processing costs for external users through the digital structure of reporting, consistent with
the broader view that complexity can be strategically employed in disclosure settings. The
finding also alignswith Nguyen (2020), which shows that the tax avoi dance—disclosurerelation
strengthens with higher audit likelihood, supporting the view that disclosure properties respond
to enforcement risk rather than reflecting only passive operational complexity. At the same
time, the relation remains positive even among low-audit firms, which is compatible with the
structural complexity view that some portion of ARC captures underlying transaction and
reporting environment complexity linked to tax planning.

[Insert Table 12 here]

4.4.2. Theimpact of thefirm'sfinancial capacity

To explore firm financial capacity asapotential channel, we conduct a cross-sectional analysis
that partitions firms by pre-tax income. Prior research (e.g., Rgjabalizadeh, 2023; Nguyen,
2020) suggeststhat firms' financial conditions can shape managerial incentives and disclosure
choices, and may therefore condition how strongly tax avoidance is reflected in accounting
reporting complexity. Firms with stronger financial capacity (proxied by higher pre-tax
income) may have greater incentives and resources to implement, sustain, and defend more
complex tax positions, which can increase the need or willingness to structure digital
disclosures in ways that raise information-processing costs. Conversely, financialy
constrained firms may face tighter limits on the scale and sophistication of tax planning,

potentially attenuating the tax avoidance—complexity relation, particularly for cash-tax-based
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measures that capture realised tax payments. For example, Rgjabalizadeh (2023) finds that
CEO overconfidence is associated with more complex financial reporting (lower readability),
and that the relationship is stronger among firms with lower profitability, underscoring that
financial conditions can affect incentives to increase complexity. In our setting, financial
capacity may shape the intensity and sophistication of tax planning, and therefore the extent to

which tax avoidance is reflected in more complex XBRL tagging.

Table 13 reports subsample regressions split by firm financial capacity (below versus above
the median of pre-tax income) and re-estimates the tax avoidance—complexity relation within
each group. The results indicate that the positive relationship between tax avoidance and
reporting complexity is more pronounced among firms with higher financial capacity. In Panel
A (low financial capacity), TA_ETRispositively and statistically significantly associated with
ARC (0.153, p < 0.01), EXTENSIONS (0.443, p < 0.01), and TAXONOMY (0.127, p < 0.01).
In contrast, the cash-based proxy is weaker in this subsample: TA_CETR is statistically
insignificant for ARC (0.063) and TAXONOMY (0.039), although it remains positive and
significant for EXTENSIONS (0.276, p < 0.01). In Panel B (high financial capacity), the
relationship is stronger and more consistent across measures. Using TA_ETR, the coefficients
are positive and significant for ARC (0.373, p < 0.01), EXTENSIONS (0.478, p < 0.01), and
TAXONOMY (0.369, p < 0.01). Using TA_CETR, the coefficients remain positive for ARC

(0.121, p < 0.05), EXTENSIONS (0.340, p < 0.01), and TAXONOMY (0.099, p < 0.10).

These findings suggest that financial capacity strengthens the tax avoidance—complexity
relation. When firms have higher pre-tax income, tax avoidance is associated with higher
reporting complexity under both effective and cash tax measures, consistent with the view that

higher-capacity firms can pursue more sophisticated strategies and absorb the associated
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reporting and compliance costs. This is consistent with a capacity-based channel in which
stronger financial resources facilitate more intensive tax planning and expand the scope for
complex digital disclosure structuring. In particular, extension tags remain positive and
significant across both panels and both proxies, reinforcing the broader implication from the
main results that the tax avoidance—complexity relation is particularly tied to discretionary
extension tags rather than reflecting only mechanical increases in standardised tagging. At the
sametime, the persistence of positive coefficients even among low-capacity firms (particularly
under TA_ETR) is compatible with the idea that some component of reporting complexity
reflects underlying transaction and reporting-environment complexity that accompanies tax
planning, even where discretionary capacity is more constrained.

[Insert Table 13 here]

4.4.3. Theimpact of CEO professional qualifications

To examine whether CEO financial expertise conditions the tax avoidance—complexity
relation, Table 14 augments the baseline models by adding CEO professional qualifications
(CEO_PQF) and the interaction terms TA*CEO_PQF. Prior research suggests that CEO
attributes can influence financial reporting quality and readability through differences in
expertise, monitoring, and disclosure choices (e.g., Allam et al., 2024; Duong et a., 2024,
Ezeani et al., 2025; Ezeani et al., 2023; Oradi et a., 2024, Kalelkar et a., 2024, Rahman &
Kabir, 2024). Conceptually, CEO professional qualifications could attenuate complexity if
financially skilled CEOs favour clearer, more comparable reporting, or they could amplify
complexity if expertise enables more sophisticated structuring of disclosures when incentives

to manage visibility are strong.

Table 14 shows that the core tax avoidance effects remain positive and statistically significant

across the main specifications, consistent with earlier results. However, the moderation results
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do not indicate that CEO professional qualifications systematically change the strength of the
tax avoidance-complexity relation. The interaction terms (TA*CEO_PQF) are statistically
insignificant across outcomes for both tax avoidance proxies, implying that the positive
relationship between tax avoidance and X BRL -based complexity is broadly similar whether or

not the CEO holds a professional qualification.

At the same time, CEO PQF itself is negative and dtatistically significant in some
specifications, consistent with the argument that financially qualified CEOs are associated with
higher financial reporting quality/readability (Duong et a., 2024; Oradi et al., 2024; Kalelkar
et a., 2024; Rahman & Kabir, 2024). This result suggests that while CEO professional
gualifications may relate to lower baseline complexity in certain dimensions, they do not
materially weaken the positive tax avoidance—complexity relationship.

[Insert Table 14 here]

5. Conclusion

This study examines the relationship between corporate tax avoidance and accounting
reporting complexity using a structured, XBRL-based measure derived from firms 10-K
filings. Moving beyond traditional narrative readability metrics, we adopt a preparer-side
perspective and show that tax avoidance is systematically related to the digital architecture of
financia reports. Across a large sample of U.S. firms, we document a robust positive
relationship between tax avoidance and accounting reporting complexity, measured by thetotal
number of distinct XBRL tags and, more importantly, by the discretionary use of firm-specific

extension tags.
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Our empirical results reveal severa important patterns. First, the tax avoidance—complexity
relationship is not uniform across firms. Subsampl e anal yses show that the positive relationship
is strongest among firms with high levels of tax avoidance, whereas it is weaker or even
negative among low tax-avoidance firms. This heterogeneity is most pronounced in the
extensions component of reporting complexity, indicating that discretionary structuring
choices within XBRL play a central role in shaping complexity where incentives to manage
visibility are likely strongest. In contrast, standardised taxonomy tags exhibit weaker and less
consistent associations, suggesting that the documented effects cannot be explained solely by

underlying operational or transactional complexity.

Second, we find that the relationship between tax avoidance and reporting complexity persists
- and intensifies - under heightened enforcement risk. Firms facing a higher probability of IRS
audit exhibit a stronger positive relationship between tax avoidance and reporting compl exity,
particularly through discretionary extensions. This finding is notable because increased
scrutiny might otherwise be expected to encourage transparency. Instead, the evidence suggests
that reporting complexity does not dissipate under audit risk, consistent with the view that
managers may respond to higher expected enforcement costs by managing the structure of

disclosures while remaining formally compliant.

Third, our analysis highlights the role of firm financia capacity as an important conditioning
factor. The positive relationship between tax avoidance and reporting complexity is more
pronounced among firms with higher pre-tax income, consistent with a capacity-based channel
in which financially stronger firms are better able to sustain sophisticated tax strategies and
absorb the associated reporting and compliance costs. While some evidence of increased

complexity also appears among lower-capacity firms, particularly for effective tax rate-based
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measures, the results suggest that financial resources amplify the extent to which tax avoidance

isreflected in complex digital disclosure structures.

Collectively, these findings contribute to the literature in several ways. The study advances
research on tax avoidance and disclosure by shifting attention from narrative readability to the
structure of machine-readable financial reports, demonstrating that tax planning behaviour is
reflected directly in the digital design of disclosures. By distinguishing between standardised
taxonomy tags and discretionary extension tags, the analysis provides new insight into how
reporting complexity arises from a combination of structural firm characteristics and
managerial discretion. Moreover, by documenting heterogeneity across tax avoidance levels,
audit risk, and financial capacity, the study refines existing debates on whether disclosure

complexity reflects obfuscation, information provision, or both.

The results also carry important practical and policy implications. For regulators such as the
SEC and standard-setters like the FASB, the systematic association between tax avoidance and
the use of XBRL extensions raises questions about the current balance between flexibility and
comparability in digital reporting. While extensions play a legitimate role in capturing firm-
specific information, their disproportionate use in tax-sensitive contexts suggests a need for
more targeted guidance, monitoring, or post-filing review of extension practices. Enhanced
transparency around the justification for extensions, clearer constraints on their use, or greater
standardisation of commonly extended items could improve comparability without

undermining the benefits of XBRL.

For tax authorities, the findings suggest that XBRL -based complexity measures - particularly

those capturing discretionary reporting choices - may serve as a useful supplementary
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screening tool for risk assessment. Although accounting reporting complexity is not a direct
measure of tax avoidance, its strong relationship with aggressive tax behaviour, persistence
under audit risk, and amplification among high-capacity firms indicate that digital disclosure
structure may convey incremental information relevant for enforcement prioritisation in

resource-constrained environments.

Aswith all empirical research, this study has limitations that point to avenues for future work.
The analysisfocuses on U.S. firms operating under a specific tax and reporting regime, and the
results may not generalise to jurisdictions with different disclosure mandates or enforcement
environments. Future research could examine how international variation in XBRL
implementation, taxonomy design, or regulatory oversight shapes the relationship between tax
planning and reporting complexity. In addition, combining structural XBRL measures with
advanced textual or machine-learning approaches may provide a more granular understanding

of how complexity is constructed across both narrative and digital dimensions of financial

reporting.
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Tables

Table 1. Sample selection and industry composition

Panel (A) Sample selection

firm-year observations

Total firm-year observations with available ARC of non-financial firms 40737
for the period 2011 — 2020

Less:

(1) Firm-year observations with insufficient data to compute tax (785)

avoidance

(2) Firm-year observations with negative pre-tax income (17509)

(3) Observations with insufficient data to calculate control variables (4208)
Final sample 18235

Panel (B) Industry composition

Industry Firm-year  Percent
observations
Agriculture, Forestry and Fishing 306 0.017
Mining 1299 0.071
Construction 287 0.016
Manufacturing 9222 0.506
Transportation, Communications, Electric, Gas and Sanitary service 1050 0.058
Wholesale Trade 994 0.055
Retail Trade 1537 0.084
Services 3429 0.188
Other 111 0.006
Total 18235 1.000
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Table 2. Variable definitions

Variables

Definition

Panel A: Accounting Reporting Complexity Variables

Accounting
Reporting
Complexity (ARC)
TAXONOMY

EXTENSONS

ALL-FACTS

Natural log of thetotal number of distinct non-repeating and monetary annual
tags reported in the financial statements and notes, where each XBRL tag
refers to accounting standards and regulations.

Natural log of the total number of non-repeating monetary taxonomy facts
within a disclosure, which are tags approved by FASB and appear on the
XBRL taxonomy at the time of thefiling.

Natural log of the total number of non-repeating monetary extended tags.
Extensions are tags created by companies when firms determine that the
available taxonomy tags cannot accurately capture their company-specific
economic transactions.

Natural log of the total number of annual monetary tags reported in the
financial statements and notes, including repeating facts. This complexity
measure is a combination of the number of tags used and their frequency of
use.

Panel B: Corporate Tax Avoidance Variables

TA_ETR

TA_CETR

TAX_HAVEN
TAX_AVOID3

DTAX

Effective tax rate (ETR) is defined as the total tax expense (txt) divided by
pre-tax book income (pi) before special items (spi). ETR with negative
denominators are removed, and then the remaining are winsorized to the
range[0,1]. TA_ETRisdefined as(-1) timesETR

Cash effective tax rate (CETR) is defined as cash tax paid (txpd) divided by
pre-tax book income (pi) before special items (spi). CETR with negative
denominators are removed, and then the remaining are winsorized to the
range[0,1]. TA_CETRisdefined as(—1) times CETR

Natural log of the number of tax havens.

The difference between the tax on pre-tax book income before special items
at the statutory tax rate and the current tax paid is expressed as a percentage
of pre-tax income over athree-year window.

The residuals (¢) from regressions (estimated by industry and year) of
permanent differences on non-discretionary items such as intangible assets
and state taxes.

Panel C: Control Variables

Firmsize (FSZE)
Liquidity (LIQU)
Profitability (ROE)

Growth
opportunities
(MTB)

Natural log of total assets of the firm.
Percentage of current assets to current liabilities.
Percentage of net income to total equity

Percentage of the market to book value of equity.



Leverage (LEV)

Earnings volatility
(EVOL)

Merger and
acquisition (MA)

Business segments
(B_SEG)

Foreign segments
(F_SEG)
Employees (EMP)

Beta (BETA)

CEO tenure
(CEO_TENURE)
CEO professional
qualification
(CEO_PQF)
Governance (GOV)

Percentage of total debt to total assets

Standard deviation of the operating earningsin the last five years.

Dummy equals one if afirm had a merger or acquisition during the year and
zero otherwise.

Natural log of the number of business segments.
Natural log of the number of foreign segments.

Natural log of the number of employees of the firm.

A measurement of afirm’s stock price sensitivity (or volatility) to the overall
fluctuation of a given benchmark index (e.g., S& P 500 for U.S. stocks). Itis
calculated using a least squares regression analysis based on 60 monthly
returns (or a minimum of 24).

The number of years the Chief Executive Officer (CEO) has served in their
current role.

A binary dummy variable equal to 1 if the CEO possesses a professional
qualification (e.g., CPA, CFA, ACCA, or ICAEW), and 0 otherwise.

A factor score derived from Principal Component Analysis (PCA) capturing
corporate governance quality. It is constructed from metrics of audit
committee independence, compensation committee independence, and board
independence.

45



Table 3. Descriptive statistics
Panel A: Descriptive statistics for all variablesin the full sample

Variables Mean Std. Dev. P25 Median P75
ARC 230.680 151.020 104.000 200.000 332.000
TAXONOMY 194.820 127.930 87.000 166.000 284.000
EXTENSIONS 35.860 39.040 12.000 27.000 48.000
ALL-FACTS 678.828 533.417 258.000 501.000 973.000
TA_ETR -0.193 0.169 -0.340 -0.200 0.000
TA_CETR -0.189 0.168 -0.300 -0.170 -0.020
FSIZE 5.444 3.193 3.600 5.850 7.630
LIQU 2.728 2.584 1.110 1.880 3.310
ROE -0.055 0.229 -0.060 0.030 0.060
MTB 2.782 4.437 1.050 2.130 4.000
LEV 0.456 0.907 0.000 0.180 0.710
EVOL 95.121 177.729 4.930 20.020 79.540
MA 0.392 0.488 0.000 0.000 1.000
B_SEG 2.140 0.880 1.610 2.200 2.830
F_SEG 1.730 0.860 1.100 1.790 2.300
EMP 8.466 16.288 0.080 1.100 7.350
Panel B: Descriptive statistics for ARC proxies for the bottom and top quintiles of tax avoidance
Variables of interest High tax-avoiding firms L ow tax-avoiding firms High vslow tax-avoiding firms
Mean  Median SD Mean Median SD t-test Z-test
ARC 298.88 290.00 135.49 156.60 126.00 114.46 30.35%** 21.23***
TAXONOMY 258.87 251.00 112.24 127.05 101.00 90.96 32.4x** 19.92***
EXTENSIONS 40.02 32.00 34.00 29.55 1900 3894 -8.60%** 23.99***
ALL-FACTS 920.97 793.00 576.22 44889  303.00 520.05 22.90*** 14.64***

Notes: This table reports univariate comparisons of mean and median values of ARC measures (number of tags). The last two columns report the t-statistics for differencesin
means and z-statistics of the Wilcoxon test for differences in medians between the bottom and top GAAP ETR quintiles. ***, ** 'and * indicate significance for a two-tailed
test at the 1%, 5% and 10% levels, respectively.
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Table 4. Correlation matrix

Variables (1) (2 (©) 4) ) (6) (7 8) 9 @ @1y @12 @13 (14 (15 (1)
(1) ARC 1.000

(2) TAXONOMY 0978  1.000

(3) EXTENSIONS 0771 0652  1.000

(4) ALL-FACTS 0934 0927 0706  1.000

(5) TA_ETR 0329 0367 009 0329  1.000

(6) TA_CETR 0237 0269 0059 0241 0587  1.000

(7) FSIZE 0668 0696 0381 0684 -0480 -0359  1.000

(8) LIQU 0185 -0175 -0158 -0.186 0089 -0026 -0056  1.000

(9) ROE 0256 0295 0033 0286 -0428 -0.300 0454 0066  1.000

(10) MTB 0095 0103 0037 0099 -0043 -0059 0174 0165 0165 1.000

(11) LEV 0372 0375 0248 0370 -0170 -0.092 0363 -0150 0172 0396 1.000

(12) EVOL 0383 0373 0327 0444 -0141 -0078 0402 -0173 0152 0077 0163 1.000

(13) MA 0380 0399 0207 0380 -0272 -0190 0408 -0.140 0240 0060 0175 0180 1.000

(14) B_SEG 0458 0477 0257 0500 -0330 -0.249 0505 -0.078 0302 0048 0156 0312 0265 1.000

(15) F_SEG 0343 0360 0186 0374 -0202 -0161 0352 -0.028 0207 0042 0088 0214 0165 0455 1.000

(16) EMP 0400 0411 0259 0461 -0225 -0.188 048 -0220 0213 0069 0194 0434 0285 0351 0239 1.000

Notes: All variable definitions are presented in Table 2. Sgnificant correlation coefficients at 1% level are presented in bold.
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Table5. Tax avoidance and accounting reporting complexity

Model (1) (2 ©) (4) ®) (6)

(Variables) ARC EXTENSIONS TAXONOMY ARC EXTENSIONS TAXONOMY
TA _ETR 1.056** 1.696*** 0.756**
(0.355) (0.285) (0.312)

TA_CETR 1.072** 0.989*** 0.028

(0.463) (0.258) (0.153)

FSIZE 2.455*** 3.059*** 2.167*** 2.577*** 2.946*** 2.304***

(0.364) (0.104) (0.295) (0.412) (0.117) (0.331)

LIQU -0.888*** -1.369*** -0.730***  -0.914*** -1.562*** -0.739***

(0.224) (0.069) (0.179) (0.295) (0.088) (0.236)

ROE -2.911*** -2.219** -1.559*** -4.947*** -1.732%** -3.197***

(0.879) (0.951) (0.455) (0.205) (0.276) (0.357)

MTB -0.472%** -0.460* ** -0.217*  -0.301*** -0.645*** -0.230**

(0.149) (0.048) (0.118) (0.105) (0.055) (0.207)

LEV 1.563*** 3.170*** 1.184* 1.710** 4.003*** 1.256***

(0.517) (0.239) (0.663) (0.819) (0.259) (0.445)

EVOL 0.030*** 0.019*** 0.005 0.017*** 0.020*** -0.005

(0.005) (0.001) (0.004) (0.006) (0.002) (0.005)

MA 2.592% ** 3.190*** 2.327%** 2.371*** 2.929*** 2.103***

(0.429) (0.419) (0.161) (0.502) (0.417) (0.217)

B_SEG 2.580*** 0.359*** 2.260*** 2.440*** 0.410*** 2.070***

(0.151) (0.044) (0.122) (0.158) (0.045) (0.128)

F_SEG -0.848*** -0.159*** -0.730***  -0.762*** -0.150*** -0.642***

(0.196) (0.056) (0.160) (0.202) (0.056) (0.164)

EMP -0.101* 0.004 -0.083*  -0.149*** 0.002 -0.136***

(0.053) (0.015) (0.043) (0.055) (0.016) (0.044)

Constant -14.520*** -15.39*** -14.270***  -14.440*** -18.920* ** -14.260* **

(1.890) (1.946) (1.752) (1.360) (1.049) (1.156)

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 18,235 18,235 18,235 15,511 15,511 15,511

Adjusted R? 0.649 0.297 0.687 0.631 0.311 0.667

Notes: All variable definitions are presented in Table 2. Models (1)—3) estimate the association between tax
avoidance and ARC measures using TA ETR, while Models (4)—<(6) use TA CETR. *** ** and * indicate
significance for a two-tailed test at the 1%, 5% and 10% levels, respectively. Robust standard errors are reported
in parentheses.



Table 6. Tax avoidance and accounting reporting complexity: High- and low-tax-

avoidance subsamples

Model (1) Model (2) Model (3) Model (4)
Sample High TA Low TA High TA Low TA
Panel A: Dependent Variable/ ARC
TA_ETR 3.275%** -1.377***
(1.252) (0.473)
TA_CETR 1.246 -0.762***
(2.745) (0.272)
FSIZE 2.419*** 3.488** 2.469* ** 3.600***
(0.360) (1.4149) (0.432) (1.168)
LIQU -0.887*** -0.723*** -0.906** -0.742%**
(0.278) (0.277) (0.386) (0.167)
ROE -2.342% ** -2.243* -4 487*** -2.350
(0.326) (1.303) (0.428) (1.492)
MTB -0.270*** -0.180*** -0.261*** -0.353***
(0.046) (0.059) (0.023) (0.044)
LEV 1.578*** 1.072+** 1.562*** 1.891***
(0.082) (0.232) (0.099) (0.180)
EVOL 0.028*** -0.047*** 0.016** -0.015
(0.005) (0.016) (0.007) (0.011)
MA 2.745%** 1.427%** 2.570*** 1.625%**
(0.143) (0.389) (0.169) (0.275)
B_SEG 2.698* ** 2.152%** 2.609% ** 1.949%**
(0.149) (0.406) (0.277) (0.282)
F_SEG -0.993*** -0.512 -0.956* ** -0.299
(0.190) (0.505) (0.222) (0.356)
EMP -0.107** -0.236 -0.046 -0.571***
(0.050) (0.170) (0.059) (0.202)
Constant -13.900* ** -28.430*** -13.840*** -27.510%**
(1.009) (0.528) (1.151) (0.277)
Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 16,318 1,917 11,782 3,729
Adjusted R? 0.655 0.636 0.639 0.621
Panel B: Dependent Variable/ EXTENSIONS
TA_ETR 2.971*** -3.582%**
(1.060) (1.202)
TA_CETR 2.491*** -2.603***
(0.951) (0.813)
FSIZE 3.086* ** 5.616*** 2.838*** 5.671***
(0.105) (0.398) (0.124) (0.326)
LIQU -1.377%** -1.150*** -1.504*** -1.249% **
(0.081) (0.275) (0.111) (0.214)
(Continued).
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Table 6. Continued.

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

Sample High TA Low TA High TA Low TA

ROE -1.219%** -0.413  -1.544*** -0.063

(0.395) (0.367) (0.423) (0.416)

MTB -0.460*** -0.464*** -0.544*** -0.577***

(0.048) (0.168) (0.061) (0.123)

LEV 3.170*** 2.055*** 3.567*** 3.861***

(0.239) (0.651) (0.285) (0.502)

EVOL 0.019*** 0.006 0.019*** 0.011***

(0.002) (0.004) (0.002) (0.003)

MA 3.190*** 1.881* 3.460* ** 1.641**

(0.419) (1.095) (0.488) (0.766)

B_SEG 0.359*** 0.370*** 0.451*** 0.364***

(0.044) (0.1149) (0.051) (0.079)

F_SEG -0.159*** -0.132  -0.199*** -0.080

(0.056) (0.142) (0.064) (0.109)

EMP 0.004 -0.096** 0.047*** -0.136***

(0.016) (0.048) (0.017) (0.028)

Constant -15.390*** -64.160***  -16.940*** -58.420***

(2.946) (1.485) (3.308) (7.734)

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 16,318 1,917 11,782 3,729

Adjusted R? 0.299 0.370 0.309 0.361

Panel C: Dependent Variable/ TAXONOMY

TA_ETR -1.039*** 0.208
(0.349) (1.567)

TA_CETR -0.489*** 0.182

(0.182) (2.017)

FSIZE 2.126*** 2.968*** 2.206*** 3.056***

(0.290) (1.055) (0.346) (0.953)

LIQU -0.728*** -0.603*** -0.735%* -0.599* **

(0.223) (0.179) (0.310) (0.163)

ROE -1.184*** -2.080* -2.860*** -2.877**

(0.262) (1.064) (0.344) (2.217)

MTB -0.318** -0.127*** -0.401** -0.281***

(0.132) (0.049) (0.172) (0.036)

LEV 1.199*** 0.854*** 1.148*** 1.450***

(0.066) (0.189) (0.079) (0.1247)

EVOL 0.018*** -0.049*** -0.004 -0.027***

(0.004) (0.013) (0.005) (0.009)

MA 2457 ** 1.229*** 2.265*%** 1.448***

(0.115) (0.318) (0.136) (0.224)

(Continued).
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Table 6. Continued.

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

Sample High TA Low TA High TA Low TA
B_SEG 2.346*** 1.827%** 2.212%** 1.626***
(0.120) (0.332) (0.142) (0.230)

F_SEG -0.837*** -0.349 -0.799* ** -0.227
(0.153) (0.413) (0.178) (0.290)

EMP -0.089** -0.211 -0.073 -0.441***
(0.040) (0.139) (0.047) (0.083)

Constant -13.950* ** -22.430*** -14.110***  -21.520***
(5.107) (4.314) (5.231) (2.264)

Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 16,318 1,917 11,782 3,729
Adjusted R? 0.694 0.655 0.679 0.638

Notes: We use three proxies for accounting reporting complexity: the ARC Index (Panel A), the ARC Extensions
(Panel B), and the ARC Taxonomy (Panel C). We estimate separate regressions for subsamples of high and low
tax avoidance using TA_ETR (Models 1-2) and TA_CETR (Models 3-4). All variable definitions are presented in
Table 2. *** ** and * indicate significance for a two-tailed test at the 1%, 5%, and 10% levels, respectively.
Robust standard errors are reported in parentheses.
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Table 7. Robustness check: alternative measur es of accounting reporting complexity and

tax avoidance

Model (1) (2 3 4 ©)
(Variables) ALL-FACTS ALL-FACTS ARC ARC ARC
TA_ETR 6.651***
(1.770)
TA_CETR 3.094*
(1.782)
TAX_HAVEN 4.251***
(0.433)
TAX_AVOID3 3.535**
(1.442)
DTAX 0.076***
(0.029)
FSIZE 9.071*** 0.647*** 2.393*** 2.432%** 2.278***
(1.556) (1.786) (0.662) (0.335) (0.976)
LIQU -0.313*** -0.335*** -0.762***  -0.887***  -0.727***
(0.087) (0.116) (0.051) (0.067) (0.076)
ROE -7.840*** -1.710%** -3.751***  -3.045***  -4,039***
(0.125) (0.177) (0.633) (0.310) (0.876)
MTB -0.883*** -1.015*** -1.492%**  -2.696***  -2.331***
(0.161) (0.107) (0.131) (0.160) (0.148)
LEV 5.866* ** 6.579*** 1.216*** 1.564*** 1.397***
(0.352) (0.397) (0.150) (0.077) (0.226)
EVOL 0.222*** 0.195*** 0.078*** 0.026*** 0.046***
(0.023) (0.024) (0.009) (0.005) (0.016)
MA 7.710%** 6.945*** 2.013*** 2.601*** 3.190***
(0.585) (0.617) (0.239) (0.135) (0.406)
B_SEG 1.352** 1.304** 1.917*** 2.593*** 3.143***
(0.615) (0.646) (0.231) (0.140) (0.451)
F_SEG -0.605*** -0.575*** -0.649**  -0.868*** -1.029*
(0.083) (0.085) (0.029) (0.018) (0.058)
EMP 1.368*** 1.010*** -0.154* -0.085* 0.108
(0.226) (0.231) (0.089) (0.048) (0.149)
Constant -7.384** -7.515* -4550**  -3.488*** -2.719**
(3.210) (4.014) (1.583) (1.005) (1.187)
Year FE Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes
Observations 18,235 15,511 7,165 18,222 1,879
Adjusted R? 0.643 0.626 0.606 0.650 0.669

Notes: All variable definitions are presented in Table 2. Models (1)—(2) use ALL-FACTS as an alternative proxy
for accounting reporting complexity. Models (3)—5) use the baseline ARC measure. Each model employs a
different tax avoidance proxy: TA_ETR (Model 1), TA_CETR (Model 2), TAX_HAVEN (Model 3), TAX_AVOID3
(Model 4), and DTAX (Model 5). All regressions include year and industry fixed effects. ***, ** and * indicate
significance for a two-tailed test at the 1%, 5%, and 10% levels, respectively. Robust standard errorsarereported

in parentheses.
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Table 8. Robustness check: additional controlsfor CEO characteristics, governance, and

market volatility

Model (1) 2 € (4 ®) (6)
(Variables) ARC EXTENSIO TAXONO ARC EXTENSIO TAXONO
NS MY NS MY
TA_ETR 0.153*** 0.546*** 0.109* **
(0.035) (0.070) (0.033)
TA_CETR 0.070** 0.310*** 0.044
(0.034) (0.067) (0.032)
CEO_TENURE -0.002  -0.005*** -0.003 -0.001  -0.004*** -0.001
(0.001) (0.001) (0.001) (0.001) (0.002) (0.001)
CEO_PQF -0.041*** -0.042  -0.044*** -0.042*** -0.033  -0.048***
(0.013) (0.025) (0.012) (0.014) (0.027) (0.013)
GOV 0.010** 0.001 0.011*** 0.012*** -0.003 0.014***
(0.004) (0.008) (0.004) (0.005) (0.009) (0.005)
BETA 0.004 0.002 0.004 0.001 -0.009 0.003
(0.006) (0.011) (0.005) (0.006) (0.013) (0.006)
FSIZE 0.122*** 0.228*** 0.113*** 0.124*** 0.223*** 0.116***
(0.005) (0.011) (0.005) (0.006) (0.011) (0.006)
LIQU -0.021*** -0.045* ** -0.018*** -0.020* ** -0.055*** -0.016***
(0.003) (0.005) (0.002) (0.003) (0.006) (0.003)
ROE -0.098** -0.609* ** -0.052  -0.214*** -0.702*** -0.181***
(0.039) (0.078) (0.037) (0.051) (0.101) (0.049)
MTB -0.010*** -0.009* ** -0.010*** -0.010*** -0.011*** -0.009* **
(0.001) (0.003) (0.001) (0.002) (0.003) (0.001)
LEV 0.081*** 0.114*** 0.076*** 0.083*** 0.124*** 0.077***
(0.006) (0.013) (0.006) (0.007) (0.014) (0.007)
EVOL -0.004* ** -0.002* ** -0.001*** -0.003*** -0.003*** -0.002***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
MA 0.071*** 0.071*** 0.072*** 0.067*** 0.074*** 0.067***
(0.010) (0.020) (0.009) (0.010) (0.020) (0.010)
B_SEG 0.001 0.001 0.001 0.001 0.003 0.001
(0.001) (0.002) (0.001) (0.001) (0.002) (0.001)
F_SEG 0.004*** 0.002 0.005*** 0.005*** 0.002 0.005***
(0.001) (0.002) (0.001) (0.001) (0.003) (0.001)
EMP -0.014*** -0.072*** -0.007* -0.016*** -0.062*** -0.010**
(0.004) (0.008) (0.004) (0.005) (0.009) (0.004)
Constant 4.843*** 2.072x** 4.751*** 4.818*** 2.023*** 4.726***
(0.035) (0.071) (0.034) (0.038) (0.076) (0.037)
Year FE Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes
Observations 8,170 8,170 8,170 7,487 7,487 7,487
Adjusted R? 0.300 0.201 0.303 0.267 0.209 0.261

Notes: All variable definitions are presented in Table 2. *** ** and * indicate significance for a two-tailed test at the

1%, 5% and 10% levels, respectively. Robust standard errors are reported in parentheses.
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Table 9. Robustness Check: lagged ARC- tax avoidance structure

Model (1) (2 3 (4) ®) (6)
(Variables) ARC EXTENSIO TAXONO ARC EXTENSIO TAXONO
NS MY NS MY
TA_ETR 0.073*** 0.265*** 0.037*
(0.021) (0.054) (0.019)
TA_CETR 0.063*** 0.181*** 0.049***
(0.020) (0.051) (0.019)
L.ARC 0.265*** 0.259***
(0.006) (0.006)
L.EXTENSIONS 0.419*** 0.411***
(0.008) (0.008)
L.TAXONOMY 0.291*** 0.284***
(0.006) (0.006)
CEO_TENURE -0.002*** -0.004*** -0.001*** -0.002* ** -0.004* ** -0.002* **
(0.000) (0.002) (0.000) (0.000) (0.001) (0.000)
CEO_PQF -0.039*** -0.064*** -0.039*** -0.035*** -0.048** -0.038***
(0.007) (0.018) (0.007) (0.008) (0.019) (0.007)
GOV 0.004* -0.005 0.005** 0.003 -0.012* 0.004*
(0.002) (0.006) (0.002) (0.003) (0.007) (0.002)
BETA 0.001 -0.004 0.002 0.000 -0.007 0.002
(0.003) (0.008) (0.003) (0.004) (0.010) (0.003)
FSIZE 0.066*** 0.078*** 0.058*** 0.066*** 0.069*** 0.060***
(0.003) (0.008) (0.003) (0.003) (0.009) (0.003)
LIQU -0.016*** -0.023*** -0.013*** -0.017*** -0.033*** -0.014***
(0.001) (0.004) (0.002) (0.002) (0.004) (0.002)
ROE 0.058** -0.154** 0.093*** -0.015 -0.159* 0.009
(0.024) (0.061) (0.022) (0.033) (0.085) (0.031)
MTB -0.012*** -0.016*** -0.011*** -0.013*** -0.019*** -0.011***
(0.001) (0.002) (0.002) (0.002) (0.002) (0.001)
LEV 0.064*** 0.083*** 0.058*** 0.067*** 0.094*** 0.059***
(0.004) (0.009) (0.003) (0.004) (0.010) (0.004)
EVOL -0.000*** 0.000  -0.000*** -0.000* ** 0.000  -0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
MA 0.073*** 0.073*** 0.074*** 0.073*** 0.082*** 0.072%**
(0.006) (0.019) (0.005) (0.006) (0.015) (0.005)
B_SEG 0.006*** 0.009* ** 0.006*** 0.006*** 0.010*** 0.006***
(0.001) (0.001) (0.000) (0.001) (0.001) (0.001)
F SEG -0.003*** -0.006*** -0.002*** -0.002* ** -0.007*** -0.002* **
(0.001) (0.002) (0.002) (0.002) (0.002) (0.001)
EMP -0.008* ** -0.032*** -0.004* -0.010*** -0.026* ** -0.006* **
(0.002) (0.006) (0.002) (0.003) (0.007) (0.002)
Constant 3.782*** 1.648*** 3.575*** 3.824*** 1.697*** 3.622%**
(0.035) (0.055) (0.034) (0.037) (0.059) (0.035)
Year FE Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes
Observations 6,012 6,012 6,012 5,508 5,508 5,508
Adjusted R? 0.671 0.504 0.692 0.635 0.510 0.647

Notes: All variable definitions are presented in Table 2. ***, ** "and * indicate significance for a two-tailed test at the
1%, 5% and 10% levels, respectively. Robust standard errors are reported in parentheses.



Table10. 1V 2SL Sregression

Panel A. First-stage regressions

Model

(1)

)

(Variables) TA_ETR TA_CETR
IND_AVG_TA_ETR 0.419***
(0.042)

IND_AVG_TA_CETR 0552+ **

(0.060)

CEO_TENURE -0.001+** -0.000

(0.000) (0.000)

CEO_PQF -0.006 0.004

(0.004) (0.004)

GOV 0.002 0.006* **

(0.001) (0.002)

BETA 0.003* 0.004*

(0.002) (0.002)

FSIZE 0.002 0.015%**

(0.002) (0.002)

LIQU 0.006*** 0.000

(0.001) (0.001)

ROE -0.271%** -0.162++*

(0.014) (0.019)

MTB 0.003*** 0.001

(0.000) (0.001)

LEV 0.002 0.007***

(0.002) (0.003)

EVOL 0.000* ** 0.000

(0.000) (0.000)

MA 0.003 -0.005

(0.003) (0.003)



B_SEG
F SEG
EMP
Constant
Year FE

Industry FE
Observations

-0.001** -0.002* **
(0.000) (0.000)
0.001** 0.001***
(0.000) (0.000)
-0.008* ** -0.019***
(0.002) (0.002)
-0.176*** -0.160* **
(0.021) (0.025)
Yes Yes

Yes Yes
8,170 7,487

Panel B. Second-stage regressions

Instrumented TA_ETR

Instrumented TA_CETR

Model (1 2 (3 (4) %) (6)

(Variables) ARC EXTENSIONS TAXONOMY ARC EXTENSIONS TAXONOMY
TA_ETR 3.138*** 1.024* 3.313***
(0.380) (0.573) (0.389)

TA_CETR 1.716*** 2.009* ** 1.630***

(0.296) (0.600) (0.280)

CEO _TENURE 0.001 -0.006* ** 0.002*  -0.002*** -0.005* ** -0.002* **

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

CEO_PQF -0.024 -0.041* -0.025  -0.051*** -0.042 -0.056* **

(0.016) (0.024) (0.016) (0.013) (0.026) (0.012)

GOV 0.000 -0.004 0.000 -0.002 -0.018* -0.000

(0.005) (0.008) (0.005) (0.005) (0.009) (0.004)

BETA -0.016** -0.002 -0.017** -0.015** -0.018 -0.014**

(0.007) (0.011) (0.007) (0.006) (0.013) (0.006)

FSIZE 0.108%** 0.232%** 0.006***  0.094*** 0.108*** 0.085***

(0.007) (0.010) (0.007) (0.008) (0.016) (0.007)

LIQU -0.041%** -0.048*** -0.040***  -0.019*** -0.054%** -0.015***

(0.004) (0.006) (0.004) (0.003) (0.006) (0.003)

ROE 0.803*** -0.428** 0.917*** 0.160** -0.352** 0.191%**

(0.115) (0.173) (0.118) (0.069) (0.140) (0.065)
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MTB -0.017%** -0.009* ** -0.018*** -0.010*** -0.011*** -0.009* **
(0.002) (0.003) (0.002) (0.001) (0.003) (0.001)
LEV 0.051*** 0.086*** 0.045*** 0.044*** 0.079*** 0.037***
(0.008) (0.012) (0.008) (0.007) (0.014) (0.006)
EVOL -0.003*** -0.001 -0.003* ** -0.004%* ** -0.001 -0.002* **
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
MA 0.063*** 0.074*** 0.063*** 0.080*** 0.088*** 0.080***
(0.012) (0.018) (0.012) (0.010) (0.019) (0.009)
B_SEG 0.010*** 0.009* ** 0.011*** 0.012*** 0.014*** 0.012***
(0.002) (0.002) (0.001) (0.002) (0.002) (0.001)
F SEG -0.007*** -0.006* ** -0.007*** -0.006* ** -0.009* ** -0.006* **
(0.002) (0.002) (0.002) (0.002) (0.003) (0.0012)
EMP 0.024*** -0.064*** 0.034*** 0.025*** -0.020 0.029* **
(0.007) (0.010) (0.007) (0.008) (0.017) (0.008)
Constant 4,.496*** 0.483** 4 524*** 4.030*** 0.769*** 3.973***
(0.134) (0.202) (0.137) (0.105) (0.212) (0.099)
Year FE Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes
Observations 8,170 8,170 8,170 7,487 7,487 7,487
Wald chi?2 4896 4168 4484 7117 3730 1475
F test 178.25 144.98 163.67 267.67 133.03 277.90
Prob>F 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000***
Underidentification test
Kleibergen—Paap rk LM statistic 100.026 100.026 100.026 78.421 78.421 78.421
Weak identification tests
Cragg—Donald Wald F-statistic 106.485 106.485 106.485 86.074 86.074 86.074
Kleibergen—Paap rk Wald F-statistic 101.061 101.061 101.061 84.057 84.057 84.057
Stock—Y ogo weak 1D test critical values
10% maximal 1V size 16.38 16.38 16.38 16.38 16.38 16.38
15% maximal 1V size 8.96 8.96 8.96 8.96 8.96 8.96
20% maximal 1V size 6.66 6.66 6.66 6.66 6.66 6.66
25% maximal |V size 5.53 5.53 5.53 5.53 5.53 5.53

Notes: All variable definitionsare presented in Table 2. ***, ** ‘and * indicate significance for a two-tailed test at the 1%, 5% and 10% levels, respectively. Robust standard

errorsare reported in parentheses.
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Table 11. Propensity Score M atched Difference-in-Differences (PSM-DID) model

Panel A: PSM- covariate differences between control and treatment group

Control Treatment Control Treatment  tvalue p vaue
Mean Mean

CEO TENURE 378 378 6.351 5.861 1.050 0.293
CEO_PQF 378 378 0.167 0.167 0.000 1.000
GOV 378 378 0.081 0.003 1.050 0.289
BETA 378 378 0.935 0985  -1.050 0.286
FSIZE 378 378 7.348 7.190 1.150 0.252
LIQU 378 378 2.636 2793  -1.050 0.286
ROE 378 378 0.032 0.018 1.900 0.056
MTB 378 378 3.588 3.413 0.600 0.562
LEV 378 378 0.651 0.530 1.800 0.071
EVOL 378 378 95.934 115.746 -1.550 0.117
MA 378 378 0.582 0.476 2.950 0.004
B_SEG 378 378 12.944 14.95 -3.15 0.002
F SEG 378 378 3.728 6.455 -6.05 0.000
EMP 378 378 1.455 1484  -0.200 0.850

Panel B: DiD Effect on accounting reporting complexity
Model (@) 2 (3)
Variables ARC EXTENSIONS TAXONOMY
POST 0.001 0.048 -0.001
(0.010) (0.036) (0.009)
TREATMENT 0.010 0.067 0.003
(0.021) (0.063) (0.020)
POST*TREATMENT -0.035* -0.030 -0.036**
(0.019) (0.057) (0.018)
CONTROLS Included Included Included
Constant 5.480*** 3.154*** 5.372%**
(0.079) (0.254) (0.074)
Year FE Yes Yes Yes
Industry FE Yes Yes Yes
Observations 756 756 756
Adjusted R? 0.583 0.247 0.593

Notes: All variable definitions are presented in Table 2. ***, ** 'and * indicate significance for a two-tailed test

at the 1%, 5% and 10% levels, respectively. Robust standard errors are reported in parentheses.



Table 12. Channel analysis: IRS audit probability

Model 1) 2 ©) 4

High Low High Low

(Variables) IRS audit IRS audit IRS audit IRS audit
TA_ETR 0.637*** 0.407**
(0.211) (0.185)

TA_CETR 0.355** 0.221*

(0.162) (0.129)

FSIZE 2.756*** 2.320*** 2.717*%** 2.408***

(0.393) (0.407) (0.398) (0.474)

LIQU -0.553** -0.718** -0.662** -1.705%**

(0.264) (0.303) (0.267) (0.396)

ROE -0.066 -3.939*** 0.637 -6.472*%**

(3.318) (0.360) (3.347) (0.475)

MTB -0.402* ** -0.263*** -0.415*** -0.299* **

(0.082) (0.019) (0.084) (0.023)

LEV 3.182*** 1.799*** 3.203*** 2.057***

(0.352) (0.093) (0.355) (0.207)

EVOL -0.001 0.066*** 0.002 0.052***

(0.014) (0.008) (0.015) (0.009)

MA 2.194*** 2.797*** 2.307*** 2.634***

(0.559) (0.163) (0.564) (0.178)

B_SEG 2.054*** 1.383*** 1.083*** 1.199***

(0.439) (0.167) (0.444) (0.182)

F_SEG -0.458 0.616*** -0.348 0.771***

(0.589) (0.222) (0.593) (0.240)

EMP -0.677*** 0.214*** -0.698*** 0.152**

(0.128) (0.069) (0.130) (0.073)

Constant 10.080*** 13.830*** 9.523*** 13.180***

(3.523) (2.288) (3.516) (2.727)

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 2,300 15,918 2,247 13,248

Adjusted R? 0.123 0.489 0.124 0.454

Notes: All variable definitions are provided in Table 2. The dependent variableis ARC in all models. Models (1)—
(2) use TA_ETR asthe tax avoidance proxy, while Models (3)—(4) use TA_CETR. High (low) IRSaudit probability
denotes firms above (below) the sample median of the IRS audit probability measure. ***, ** and * indicate
significance for a two-tailed test at the 1%, 5% and 10% levels, respectively. Robust standard errors are reported

in parentheses.
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Table 13. Channel analysis: firm financial capacity

Panel A: Low financial capacity (lower pre-tax income)

Model € 2 3 @) ®) (6)
(Variables) ARC EXTENSIO TAXONO ARC EXTENSIO TAXONO
NS MY NS MY
TA_ETR 0.153*** 0.443*** 0.127***
(0.049) (0.103) (0.046)
TA_CETR 0.063 0.276*** 0.039
(0.042) (0.089) (0.040)
CEO_TENURE -0.000 -0.003 0.000 -0.000 -0.003 -0.000
(0.001) (0.002) (0.001) (0.001) (0.002) (0.001)
CEO_PQF -0.068*** -0.020  -0.086*** -0.070*** -0.028  -0.088***
(0.019) (0.041) (0.018) (0.019) (0.0412) (0.018)
GOV 0.012 0.009 0.011* 0.012 0.009 0.011
(0.007) (0.015) (0.007) (0.007) (0.015) (0.007)
BETA -0.015* -0.039** -0.012 -0.014* -0.038** -0.012
(0.009) (0.018) (0.008) (0.009) (0.018) (0.008)
FSIZE 0.132*** 0.272*** 0.122*** 0.132*** 0.270*** 0.122***
(0.008) (0.018) (0.008) (0.008) (0.018) (0.008)
LIQU -0.021*** -0.060*** -0.017*** -0.020*** -0.058*** -0.016***
(0.004) (0.008) (0.003) (0.004) (0.008) (0.003)
ROE -0.261*** -0.883*** -0.210*** -0.283*** -0.931*** -0.231***
(0.057) (0.120) (0.054) (0.056) (0.119) (0.054)
MTB -0.006** 0.006 -0.006** -0.006** 0.006 -0.006**
(0.002) (0.005) (0.002) (0.002) (0.005) (0.002)
LEV 0.055*** 0.046* * 0.053*** 0.056*** 0.048** 0.054***
(0.010) (0.022) (0.010) (0.010) (0.022) (0.010)
EVOL -0.002*** -0.002** -0.001*** -0.003*** -0.001** -0.001***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
MA 0.061*** 0.081*** 0.059*** 0.062*** 0.086*** 0.060* **
(0.014) (0.030) (0.014) (0.014) (0.030) (0.014)
B_SEG 0.001 0.001 0.002 0.001 0.000 0.001
(0.002) (0.003) (0.001) (0.002) (0.003) (0.001)
F_SEG 0.004** 0.001 0.005** 0.005** 0.002 0.005***
(0.002) (0.004) (0.002) (0.002) (0.004) (0.002)
EMP 0.000  -0.061*** 0.005 0.001  -0.057*** 0.005
(0.006) (0.013) (0.006) (0.006) (0.014) (0.006)
Constant 4.813*** 1.835*** 4.729*** 4.785*** 1.779*** 4.702%**
(0.052) (0.1120) (0.050) (0.052) (0.109) (0.049)
Year FE Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes
Observations 3,743 3,743 3,743 3,743 3,743 3,743
Adjusted R? 0.255 0.179 0.256 0.253 0.177 0.255
Panel B: High financial capacity (higher pre-tax income)
Model @) @) € @) ® ®
(Variables) ARC EXTENSIO TAXONO ARC EXTENSIO TAXONO
NS MY NS MY
TA_ETR 0.373*** 0.478*** 0.369***
(0.064) (0.119) (0.062)
TA_CETR 0.121** 0.340*** 0.099*
(0.059) (0.109) (0.057)
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CEO TENURE -0.003** -0.007*** -0.002** -0.003** -0.007*** -0.002*
(0.001) (0.002) (0.001) (0.002) (0.002) (0.001)

CEO_PQF -0.011 -0.027 -0.005 -0.013 -0.030 -0.007
(0.019) (0.035) (0.018) (0.019) (0.035) (0.018)

GOV 0.012* -0.013 0.015** 0.013** -0.013 0.016***
(0.006) (0.011) (0.006) (0.006) (0.011) (0.006)

BETA 0.013 0.002 0.015 0.013 0.001 0.016*
(0.010) (0.018) (0.009) (0.010) (0.018) (0.009)

FSIZE 0.092* ** 0.158*** 0.085*** 0.100*** 0.163*** 0.093***
(0.011) (0.020) (0.010) (0.011) (0.020) (0.010)

LIQU -0.021*** -0.050* ** -0.017*** -0.019*** -0.047*** -0.015***
(0.005) (0.010) (0.005) (0.005) (0.010) (0.005)

ROE -0.711*** 0.374 -0.855%** -0.596** 0.523 -0.742%**
(0.239) (0.442) (0.230) (0.240) (0.441) (0.231)

MTB -0.015*** -0.023*** -0.014*** -0.015*** -0.022*** -0.014***
(0.002) (0.004) (0.002) (0.002) (0.004) (0.002)

LEV 0.114*** 0.191*** 0.104%*** 0.113*** 0.186*** 0.103***
(0.010) (0.018) (0.010) (0.010) (0.019) (0.010)

EVOL -0.001* 0.004 -0.003*** -0.004** 0.002 -0.003***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

MA 0.058*** 0.051* 0.060*** 0.065*** 0.061** 0.067***
(0.0149) (0.027) (0.014) (0.014) (0.027) (0.0149)

B_SEG 0.002 0.005* 0.001 0.001 0.004* 0.001
(0.001) (0.002) (0.001) (0.001) (0.002) (0.001)

F SEG 0.004** 0.002 0.004** 0.005*** 0.003 0.005***
(0.002) (0.003) (0.002) (0.002) (0.003) (0.002)

EMP -0.034*** -0.069*** -0.027%** -0.033*** -0.065*** -0.027***
(0.006) (0.012) (0.006) (0.007) (0.012) (0.006)

Constant 5.209*** 2.500*** 5.129*** 5.061*** 2.380*** 4.975%**
(0.090) (0.166) (0.087) (0.087) (0.160) (0.084)

Year FE Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes
Observations 3,744 3,744 3,744 3,744 3,744 3,744
Adjusted R? 0.155 0.148 0.143 0.148 0.147 0.136

Notes: All variable definitions are presented in Table 2. *** ** 'and * indicate significance for a two-tailed test at the 1%,
5% and 10% levels, respectively. Robust standard errors are reported in parentheses.
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Table 14. Channel analysis: CEO professional qualifications

Model 1) &) ©) 4 ®) (6)
(Variables) ARC EXTENSIO TAXONO ARC EXTENSIO TAXONO
NS MY NS MY
TA_ETR 0.142*** 0.539*** 0.093***
(0.037) (0.075) (0.036)
TA_CETR 0.072** 0.270*** 0.048
(0.036) (0.072) (0.035)
CEO_PQF -0.022 -0.030 -0.016 -0.046* 0.036 -0.054**
(0.026) (0.052) (0.025) (0.025) (0.050) (0.024)
TA_ETR* CEO_PQF 0.076 0.047 0.108
(0.089) (0.179) (0.086)
TA_CETR* CEO_PQF -0.018 0.315 -0.030
(0.097) (0.192) (0.093)
CEO_TENURE -0.001  -0.005*** -0.000 -0.001  -0.004*** -0.001
(0.001) (0.001) (0.001) (0.001) (0.002) (0.001)
GOV 0.010** 0.001 0.011*** 0.012*** -0.003 0.014***
(0.004) (0.008) (0.004) (0.005) (0.009) (0.005)
BETA 0.004 0.002 0.005 0.001 -0.009 0.003
(0.006) (0.011) (0.005) (0.006) (0.013) (0.006)
FSIZE 0.122*** 0.228*** 0.113*** 0.124*** 0.222*** 0.116***
(0.005) (0.011) (0.005) (0.006) (0.012) (0.006)
LIQU -0.021*** -0.045*** -0.018*** -0.020*** -0.055*** -0.016***
(0.003) (0.005) (0.002) (0.003) (0.006) (0.003)
ROE -0.097** -0.608* ** -0.050  -0.214*** -0.699*** -0.181***
(0.039) (0.078) (0.037) (0.051) (0.101) (0.049)
MTB -0.010*** -0.009* ** -0.010*** -0.010*** -0.011*** -0.009***
(0.001) (0.003) (0.001) (0.002) (0.003) (0.001)
LEV 0.081*** 0.124*** 0.076*** 0.084*** 0.123*** 0.077***
(0.006) (0.013) (0.006) (0.007) (0.014) (0.007)
EVOL -0.003*** -0.002* ** -0.001*** -0.002* ** -0.002** -0.001***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
MA 0.071*** 0.071*** 0.072*** 0.067*** 0.074*** 0.067***
(0.010) (0.020) (0.009) (0.010) (0.020) (0.010)
B_SEG 0.001 0.001 0.001 0.001 0.002 0.001
(0.001) (0.002) (0.001) (0.001) (0.002) (0.001)
F_SEG 0.004*** 0.002 0.005*** 0.005*** 0.002 0.005* **
(0.001) (0.002) (0.001) (0.001) (0.003) (0.001)
EMP -0.014*** -0.072%** -0.007* -0.016*** -0.061*** -0.010**
(0.004) (0.008) (0.004) (0.005) (0.009) (0.004)
Constant 4.840*** 2.070*** 4.747** 4.818*** 2.018*** 4.726***
(0.035) (0.071) (0.034) (0.038) (0.076) (0.037)
Year FE Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes
Observations 8,170 8,170 8,170 7,487 7,487 7,487
Adjusted R? 0.317 0.247 0.300 0.304 0.257 0.281

Notes: All variable definitions are presented in Table 2. ***, ** ‘and * indicate significance for a two-tailed test at the 1%,
5% and 10% levels, respectively. Robust standard errors are reported in parentheses.
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Appendix Table Al. Tax Avoidance and XBRL Reporting Complexity After Excluding
Manufacturing Firms

Model (1) (2 ©) (4) ) (6)

(Variables) ARC EXTENSIONS TAXONOMY ARC EXTENSIONS TAXONOMY
TA _ETR 0.202*** 0.500* ** 0.139***
(0.033) (0.069) (0.031)

TA_CETR 0.120*** 0.332*** 0.079***

(0.032) (0.065) (0.030)

CONTROLS Included Included Included Included Included Included

Constant 4.874*** 2.387*** 4.726%** 4,883 ** 2.424%** 4.728***

(0.022) (0.044) (0.020) (0.023) (0.047) (0.022)

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 8,033 8,033 8,033 7,331 7,331 7,331

Adjusted R? 0.392 0.209 0.427 0.352 0.197 0.381

Notes: All variable definitions are presented in Table 2. Models (1)—«(3) estimate the association between tax
avoidance and ARC measures using TA ETR, while Models (4)—(6) use TA CETR. *** ** and * indicate
significance for a two-tailed test at the 1%, 5% and 10% levels, respectively. Robust standard errors are reported

in parentheses.
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