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1 Motivation and Diagnosis: From
Association to Explanation

Recent years have seen a notable shift in empirical
accounting research toward a more explicit concern
with causal inference. The editorial by Trevisan (2024)
represented an important milestone in this transition,
offering a concise overview of quasi-experimental
approaches, such  as  Difference-in-Differences,
Instrumental Variables, and Regression Discontinuity, and
highlighting common pitfalls in interpreting regression-
based associations as causal claims. This contribution
is timely, as Brazilian accounting research has reached
a level of technical maturity in which many scholars are
ready to engage with identification strategies that go
beyond standard panel regressions.

If the previous editorial focused on the methods that
support causal identification, this editorial focuses on
the reasoning that precedes and guides methodological
choices. Before selecting an estimator, researchers should
articulate what kind of inference they aim to produce, what
theoretical mechanism links their variables, whether their
measures faithfully represent the constructs of interest, and
what institutional context governs the phenomenon under
study (Herndn & Robins, 2020; Imbens & Rubin, 2015;
Shmueli, 2010). These foundations matter not only for
causal studies but also for descriptive and associational
work, since they reduce interpretive ambiguity and make
empirical findings more cumulative.

Empirical accounting research in Brazil has benefited
from increased data availability, expanded graduate
programs, and growing integration with international
scholarship. Studies regularly employ panel data methods,
sophisticated estimators, and large datasets drawn from
regulatory filings, corporate disclosures, and market data.
These are meaningful developments. At the same time,
persistent tensions shape the methodological landscape.
Many empirical studies still rely heavily on conventional
regression templates, often treating methodological
decisions as steps in a standardized workflow rather than
as expressions of an underlying research design. Variables
are winsorized by default, proxies for complex constructs
are selected based on precedent rather than validity,
and control variables accumulate in regressions without
a clear theoretical rationale (Kennedy, 2002; Kondylis &
McKenzie, 2024; Leamer, 1983).

A key challenge is the gap between the questions scholars
claim to answer and the designs they employ. It remains
common to find research questions formulated in causal
language (“Does X affect Y2”) while the analysis provides
only partial correlations, even when endogeneity problems
such as omitted variables, selection, and reverse

causality are acknowledged (Larcker & Rusticus, 2010).
Consider, for example, the frequent pattern in Brazilian
accounting research of regressing earnings management
proxies on governance indicators using panel data from
listed firms on B3, without articulating why the observed
variation in governance identifies a causal effect rather
than reflecting simultaneous firm-level choices. Trevisan
(2024) highlighted this concern within the specific context
of governance research. Our point is broader, that the
misalignment between research questions, design, and
interpretation is systemic. Noteworthy exceptions exist:
studies exploiting the Sarbanes-Oxley Act as a natural
experiment for Brazilian cross-listed firms (Funchal &
Monte-Mor, 2016) and mandatory IFRS adoption as a
regulatory shock using difference-in-differences designs
(da Silva & Nardi, 2017; Sampaio et al., 2020) illustrate
what design-based accounting research with Brazilian
data can look like. The challenge is to make such practices
the norm rather than the exception.

This gap is not primarily technical. Rather, it often reflects
incentive structures that reward publication volume, short
timelines, and adherence to familiar empirical patterns,
as well as the constraints imposed by the data that are
readily available. A methodological culture that equates
sophistication with complexity (the number of controls,
the specific estimator used, or the length of robustness
sections) can crowd out the deeper requirements of
credible scientific inference. For this reason, we propose
a design-based framing of empirical work. The core
task is not to “choose a method,” but to specify what
variation identifies a claim and what assumptions connect
the design to an inferpretable counterfactual (Angrist &
Pischke, 2009; Herndn & Robins, 2020; Imbens & Rubin,
2015).

2 From Question to Design:
Conceptual Foundations

This section presents the conceptual foundations of
research design. lts purpose is to motivate why each
element matters for credible inference, leaving operational
details to the workflow in Section 3.

Inference goals. A central step in strengthening empirical
design is distinguishing among descriptive, predictive,
associative, and causal research (Herndn & Robins,
2020; Shmueli, 2010). Each type of inference relies on
different assumptions and serves different scientific goals.
Descriptive work may reveal patterns worthy of follow-up;
predictive work may supportforecasting or risk assessment;
associative work may uncover correlations that help
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construct indices or map empirical regularities. Causal
work seeks to answer “what if” questions by constructing
credible counterfactuals—a goal we formalize in Section 3.
Many influential contributions in accounting are not causal.
The key requirement here is coherence between the claim
and the design used to support it.

Mechanisms. Causal claims are meaningful only when
anchored in plausible mechanisms. Mechanisms explain
why an effect should occur, under what circumstances,
and through which channels (Hedstrém & Ylikoski, 2010).
In accounting research, mechanisms frequently involve
psychological, informational, governance-related, and
institutional channels. For example, the effect of disclosure
regulation on firm value is often hypothesized to
operate through reductions in information asymmetry,
improvements in monitoring, or changes in contracting
efficiency. Without articulating these mechanisms, causal
claims become difficult to interpret and associational
results become ambiguous. Mechanistic reasoning is
also important for discriminating between competing
explanations. Suppose we observe a negative association
between conservative accounting and cost of equity. Is
this because conservatism improves monitoring? Because
conservative firms differ systematically in risk? Because of
omitted variables? Mechanisms clarify these alternatives
and guide design choices that are capable of separating
them empirically. Graphical tools such as Libby boxes and
directed acyclic graphs (DAGs) can be useful for making
assumptions explicit.’

Measurement validity. Accounting research frequently
relies on proxies for latent constructs such as audit quality,
reporting incentives, earnings management, informational
opacity, or corporate culture. The use of proxies is often
unavoidable, but their validity must be evaluated rather
than assumed (Gow et al., 2016). Measurement error
can attenuate coefficients, induce bias, or create misleading
patterns that replicate across studies simply because
the same flawed proxy is widely adopted. Measurement
validityis notancillarytoinference. Itis a necessary condition
for meaningful interpretation, whether the goal is
descriptive,  associative,  predictive, or  causal.

Institutional context and the limits of methodological
escalation. Credible empirical claims depend on
understanding the institutional context in which accounting
outcomes are embedded, including regulation, tax rules,
governance structures, and market microstructures (Leuz,

2022). Exploiting institutional specifics is one of the
most powerful ways to construct credible identification
strategies; contextual understanding is a design input
that cannot be replaced by econometric technique. A
concerning pattern in empirical work is methodological
escalation.  When confronted with identification
challenges, authors sometimes respond by layering
more controls (Cinelli et al., 2024; Whited et al., 2022),
instruments (Larcker & Rusticus, 2010), or generic
robustness rituals rather than reexamining the core
design. Robustness tests are informative only when the
identifying variation is credible; otherwise they create
a false sense of security (Cinelli & Hazlett, 2020; Roth,
2022).

3 Operational Standards: ADesign
\CI;\Ilorkrow for Credible Empirical
aims

This editorial proposes a practical standard for cred-
ible empirical claims in observational accounting
research. Identification should be treated as a docu-
mented workflow that links a research question to an
interpretable claim. A credible identification strategy
should state (i) the estimand and the counterfactual
question; (ii) the assignment mechanism that gen-
erates identifying variation; (iii) the measurement
strategy that links constructs to proxies; (iv) diagnostics
and sensitivity analyses targeted to the design’s main
failure modes; and (v) tfransparency and reproducibil-
ity of data construction and code (Gow et al., 2016;
Hail et al., 2020; Leuz, 2022).

Step 1: Define the estimand and the counterfactual.
A design begins by stating the causal quantity of in-
terest— the estimand—and the target population. The
potential outcomes framework provides a minimal
but precise language for doing so (Herndn & Robins,
2020; Imbens & Rubin, 2015; Rubin, 1974).

Let D, € {0, 1} denote a binary treatment indicator for
uniti, and let Y (1) and Y (0) denote the potential out-
comes under treatment and control, respectively. The
individual causal effect is Y,(1) — Y/(0), which is never
jointly observed—the fundamental problem of causal
inference (Holland, 1986). Empirical designs therefore
target population-level summands of this quantity
under stated assumptions. The most common esti-
mands are:

'Libby boxes (Bloomfield, 2015; Libby, 1981) map theoretical constructs to their empirical proxies and are particularly useful for evaluating

measurement validity: whether the proxy faithfully represents the latent concept. DAGs (Cunningham, 2021, Chapter 3; Imbens, 2020; Pearl, 1998),

by contrast, encode assumptions about causal relationships among variables and help researchers identify which conditioning sets avoid bias.

The two frameworks are complementary. Libby boxes discipline the link between constructs and measures, while DAGs discipline the link between

variables and identification.
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ATE = E[Y(1) = Y(0)], (1)
ATT=EY(1)-Y(0) [D,=1], (2
LATE = E [Y(1) = Y(0) | complier] . (3)

Each quasi-experimental design identifies a specific esti-
mand under its own assumptions. Difference-in-differences
(DiD) identifies the ATT? under a parallel-trends assumption:
absent treatment, treated and control units would have
evolved similarly (Roth et al., 2023). Instrumental variables
(IV) identify the LATES—the effect on compliers, i.e., units
whose treatment status is shifted by the instrument—under
relevance, independence, and monotonicity (Angrist et al.,
1996). Regression discontinuity (RDD) also identifies a LATE
at the assignment threshold under continuity of potential
outcomes (Lee & Lemieux, 2010).

Making the estimand explicit has three practical benefits.
First, it prevents over-interpretation: a LATE estimated from
an IV design is not, in general, the average effect for the full
population, and an ATT from a staggered DiD may be a
weighted average of heterogeneous cohort-specific effects
whose aggregation requires care (Calloway & Sant’Anna,
2021; de Chaisemartin & D'Haultfceuille, 2020; Sun &
Abraham, 2021). Second, it forces researchers to define the
target population of inference—who is affected, and under
what conditions. Third, it clarifies how measurement choices
interact with identification: if the proxy V' is a noisy measure
of the true outcome Y #, the gap between the estimated and
target estimands depends on the structure of measurement

error, not only on identification assumptions (Gow et al.,
2016).

Step 2: Articulate the assignment mechanism. In design-based re-
search, identification comes from understanding why some units
are exposed fo the treatment and others are not, and what insti-
tutional process governs this exposure (Angrist & Pischke, 2009;
Leuz, 2022). In accounting settings, institutional detail about
regulation, enforcement, listing rules, disclosure mandates, or
auditing regimes can generate quasi-experimental variation that
is more credible than residual variation in a saturated regression. *

?Average Treatment Effect for the Treated group (ATT), is “the po-
pula- tion mean treatment effect for the group of units that had been
assigned the treatment” (Cunningham, 2021, Sec. 4.1.2).

3The Average Treatment Effect (ATE) can be expanded to ATE = E
[Yi(1)] = E[Yi(0)] . Notice that it “requires both potential outcomes for
each i unit. Since we only know one of these by the switching equation,
the average treatment effect, or the ATE, is inherently unknowable”
(Cun- ningham, 2021, Sec. 4.1.2). However, under a few assumptions,
we can estimate a Local ATE, the LATE for compliers, i.e., the ones who

take the treatment only when encouraged by the instrument.

Step 3: Choose the design, then the estimator. Once the
assignment mechanism is plausible, the estimator follows
from the design’s identifying assumptions. DiD requires
parallel trends (in the relevant counterfactual sense), IV re-
quires relevance and exclusion, and RDD requires continuity
in potential outcomes at the threshold (Angrist & Pischke,
2009; Imbens & Rubin, 2015). At this stage, researchers
should also revisit the mapping from theoretical constructs to
empirical proxies discussed in Section 2, assessing whether
measurement error in the chosen proxies could compromise
the estimand of interest.

Step 4: Run diagnostics that match the design failure modes.
Diagnostics should target the specific ways the design can
fail. Adding controls can reduce confounding, but it can
introduce bias if variables are post-treatment or colliders
(Cinelli et al., 2024; Whited et al., 2022). Theory-based
selection and explicit causal diagrams reduce the risk of
mechanical over-control (Imbens, 2020; Méandli & Rénkks,
2025). Extreme observations are common in accounting
data, and default winsorization can be ineffective for in-
ference problems created by influential points (Leone et
al., 2019).

Step 5: Use falsification and sensitivity tools. The objective

is fo communicate how conclusions depend on assumptions
and potential unobservables, rather than treating robust-
ness as a binary pass/fail criterion. When placebo tests®
are weak or ambiguous, negative controls® and sensitivity
analysis offer complementary evidence about the plausibility
of identifying assumptions (Cinelli & Hazlett, 2020; Lipsitch
etal., 2010).

Step 6: Make the design reproducible. Reproducible work-
flows affect credibility and learning in the field. Survey
evidence in accounting highlights that researchers perceive
irreproducibility as common and under-addressed (Hail et
al., 2020). Transparent documentation of data construction
decisions is particularly important in accounting settings
where researcher degrees of freedom can be large. Recent

“A saturated regression includes a dummy (and thus a separate
mean) for every mutually exclusive subgroup (“cell”) defined by the
discrete co- variates, i.e., it fully interacts the relevant indicators. As a
result, the fitted values are exactly the cell means; coefficients are just
differences in those means, and identification comes from comparing
observations within the same cell structure rather than from leftover

functional-form assumptions (Angrist & Pischke, 2009, Sec. 3.1.4).
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many-analysts evidence shows that independent teams
replicating the same published results can yield materially
different samples and estimates from routine choices in data
preparation alone, sometimes altering statistical significance
or the sign of the effect (Huntington- Klein et al., 2021).

Interpreting results beyond statistical significance. Even
when a design is well-specified, interpretation can fail if
results are reported in a way that overemphasizes statistical
significance and underemphasizes substantive meaning
(Wasserstein et al., 2019). Large samples can make trivial
effects statistically detectable, while practically meaningful
effects may remain statistically insignificant due to mea-
surement noise or sample constraints. For this reason,
accounting research should discuss effect magnitudes in
economically interpretable terms (Gelman & Stern, 2006;
Hubbard et al., 2019; Wasserstein et al., 2019). Examples
of practical interpretation include benchmarking estimates
against typical firm-level variation, discussing plausible
organizational or market channels required for effects to
operate, and clarifying what the estimates imply for inves-
tors, regulators, or auditors.

Heterogeneity analysis can illuminate mechanisms, bound-
ary conditions, and policy relevance. When grounded in
theory, heterogeneity provides a clearer map of when and
for whom effects occur. At the same time, heterogeneity
exploration should be disciplined rather than driven by un-
structured specification searching. Tools such as multiverse
analysis” and specification curve analysis® help clarify how

5A placebo test re-estimates the main specification in a setting
where the true effect should be zero, e.g., assigning a pseudo treat-
ment date in the pre-period, pseudo-treated units, or an outcome that
should not respond mechanically o the infervention. Nonzero “effects”
in these placebo settings raise concerns about violations of identifying
assumptions (Abadie et al., 2010; Heckman & Hotz, 1989).

*Negative controls are variables used to probe residual bias. A neg-
ative control outcome shares confounders with the primary outcome
but cannot plausibly be affected by the treatment. A negative control
expo- sure is related to the treatment/confounders but cannot affect
the outcome except through bias. Evidence of “effects” on negative
controls signals re- maining confounding, measurement, or selection
problems; with additional structure, negative controls can sometimes
be used for bias calibration/- correction (Lipsitch et al., 2010; Sofer et

al., 2016; Tchetgen Tchetgen, 2014).

conclusions depend on modeling choices (Simonsohn et
al., 2020; Steegen et al., 2016).

In observational settings common in archival accounting,
effect-size interpretation can be strengthened by report-
ing sensitivity-to-unobservables metrics alongside point
estimates and standard errors. For example, Oster (2019)
formalizes the widely used “coefficient stability” heuristic
by translating coefficient movements and changes in R?
across baseline and fully controlled specifications into
an explicit calibration of how strong selection on unob-
servables (relative to observables) would need to be to
materially change conclusions. This frames robustness as
a quantitative statement about remaining confounding,
not as a binary checklist tied to statistical significance.

External validity and generalizability. A well-identified
study answers a credible causal question, but internal
validity alone does not guarantee that results extend
beyond the specific setting studied. External validity—the
extent to which findings generalize to different popula-
tions, institutional environments, and time periods—de-
serves explicit consideration (List, 2020). This concern
is especially relevant in accounting research, where
many quasi-experimental designs exploit country-specific
regulatory reforms, enforcement changes, or disclosure
mandates. A field experiment on tax compliance nudges
conducted with Brazilian firms, for example, identifies a
local treatment effect shaped by a specific enforcement
regime and taxpayer population; whether those results

’Multiverse analysis, sometimes “many worlds,” systematically re- esfima-
tes the focal effect across a pre-defined set of defensible analytic choices, e.g.,
alternative variable constructions, sample screens, functional forms, fixed-effects
structures, and inference choices—and reporis the resulfing distribution of
estimates, not just a few hand-picked robustness checks. The goal is fo make
“researcher degrees of freedom” transparent and fo show how conclusions
depend on reasonable modeling decisions. (Steegen et al., 2016).

8Specification curve analysis is a structured multiverse workflow that

(i) enumerates a set of “reasonable” specifications, (i) plots the estimated
effect from each specification, offen sorted by magnitude, to form a specifi-
cation curve, and (i) documents which modeling choices generate which
estimates (fypically via an accompanying “decision” panel). It can also add
global inference (e.g., permutation-based fests) to assess whether the overall
pattern of results is inconsistent with a null of no effect across specifications

(Simonsohn et al., 2020).
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extend to other jurisdictions depends on the similarity
of institutional mechanisms, compliance norms, and
enforcement capacity (Motoki et al., forthcoming).
The question arises equally in observational studies.
Research on executive compensation disclosure (Cos-
ta et al., 2016) or IFRS adoption by small and medi-
um enterprises (Gongalves et al., 2022) in Brazil is
embedded in a particular regulatory and institutional
environment, and its implications for other settings
depend on how portable the underlying mechanisms
are.

Researchers can strengthen external validity argu-
ments by articulating the theoretical channels through
which the treatment operates, assessing whether those
channels are plausibly active in other contexts, and
comparing the characteristics of the study popula-
tion with broader populations of interest. When the
causal mechanism is well understood, institutional
differences become interpretable rather than disqual-
ifying. Even when formal generalization is difficult,
well-identified local estimates are more informative
than poorly identified global correlations. The goal is
not to avoid local designs but to be transparent about
the boundaries of inference (List, 2020).

Best practices for authors, reviewers, and editors. The
practices outlined in this editorial apply primarily to
authors, but their adoption depends on the broad-
er ecosystem in which empirical work is evaluated.
Beyond following the suggested workflow, which key
points are summarized in Table 1, authors can en-
hance their contribution by: (i) Clearly stating whether
their goal is descriptive, predictive, associative, or
causal; (ii) Reporting effect sizes in interpretable met-
rics and distinguishing between statistical significance
and substantive relevance; (iii) Documenting data
construction and transformation decisions, including
sensitivity to influential observations (Leone et al.,
2019); and (iv) Reporting sensitivity analyses when
identifying assumptions could plausibly fail (Cinelli
& Hazlett, 2020).

These practices support clarity and interpretability.
Evans et al. (2015) provide an expanded checklist to
assess the quality of research in accounting.

Table 1: Design checklist for identification strategies in
empirical accounting research

What the paper should state ex-

Design element plicitly

Causal question as counterfactu-
al; who is affected; local vs global
interpretation (Herndn & Robins,

Estimand and target
2020; Imbens & Rubin, 2015).

Institutional process generating
variation; why treated vs control
differs only in exposure (Leuz,
2022).

Assignment mechanism

Main channel + competing ex-
planations; implications for het-
erogeneity and tfests (Hedstrém &
Ylikoski, 2010).

Mechanism and alternatives

Construct — proxy mapping;
what proxy captures and misses;
implications for bias (Bloomfield,
2015; Gow et al., 2016).

Justification  via  theory/DAG;
avoid post-treatment and collid-
ers (Cinelli et al., 2024; Imbens,
2020; Whited et al., 2022).

Measurement validity

Controls and conditioning set

Design-specific checks (e.g., clus-
tering for DiD; continuity checks
for RDD) (Bertrand et al., 2004;
Roth, 2022; Roth et al., 2023).

Diagnostics

Negative controls; omitted-vari-
able sensitivity; robustness infer-
preted as assumption dependence
(Cinelli & Hazlett, 2020; Lipsitch et
al., 2010).

Sensitivity / falsification

Scope of inference; institutional
channels supporting generaliza-
tion; comparison with target pop-
ulations (List, 2020).

External validity

Data construction logs; code
L availability;  replicable  pipeline
Reproducibility (Hail ef ol 2028). PP

Reviewers and editors shape methodological standards,
and a thorough treatment of their roles would merit a
dedicated editorial. Here, we note that the design workflow
above provides a natural structure for evaluating empirical
manuscripts: reviewers can assess the coherence between
research question, design, and claim at each step, rather
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than relying on generic robustness demands. Berk et al.
(2017) offers a thoughtful reflection on constructive re-
viewing in economics, and Edmans (2025) provides an
editor-facing synthesis of common reasons manuscripts fail,
emphasizing contribution, execution, and exposition. Both
are directly applicable to accounting. Journals can further
support methodological culture by publishing high-quality
descriptive studies, replications, null results, and theo-
ry-driven explorations, and by encouraging transparency
through data and code availability.

4 Concluding Remarks

The evolution of methodological culture in Brazilian
accounting research requires investments that streng-
then design reasoning, measurement discipline, and
transparency as shared professional standards. One
important step is to broaden training so that methodo-
logical formation goes beyond technical instruction in
advanced econometrics and more systematically incor-
porates research design, causal reasoning, measure-
ment, and the philosophy of science. At the same time,
cross-institutional and interdisciplinary collaboration
can play a central role in expanding methodological
capacity, facilitating access to data, regulatory insights,
and institutional knowledge, while also enriching accou-
nting research through dialogue with economists, sta-
tisticians, psychologists, and legal scholars. Institutional
development is also important. The creation of shared
data repositories, the promotion of preregistration when
appropriate, and greater support for replication studies
can help consolidate stronger methodological expec-
tations within the field. Together, these efforts would
contribute to aligning Brazilian accounting research
with broader international norms of transparency and
reproducibility (Hail et al., 2020).

This editorial has argued for a single, consequential
shift: from treating empirical methods as a fixed menu
of techniques to treating identification as a reasoning
workflow. The practical standard we propose is that
empirical work should be evaluated by the coherence
between research question, design, and claim, and by
the extent to which assumptions are stated and defen-
ded with targeted evidence. This standard applies to
causal, descriptive, and associative work alike. If one
message endures, it should be this: the credibility of an
empirical finding is determined not by the sophistica-
tion of the estimator employed, but by the clarity with
which the researcher explains what variation identifies
the result, what could go wrong, and why the reader
should find the comparison convincing.
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