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ABSTRACT. The communication of accounting information requires a domain-specific vocabulary,
and, in specialized languages, standardization is considered a key to clear communication, i.e., one
term should only be assigned to one concept and vice versa. In practice, accounting terminology
is unstandardized and produces undue complexity. We provide the first large-sample evidence on
the level and the implications of unstandardized accounting terminology for a global corpus of
annual reports. Our study shows that unstandardized accounting terminology is widespread and
has economic consequences, increasing human and computerized information processing costs.
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It is true that a good many of us hope to live long enough to derive lasting benefits
from a standardization of accounting terminology, but the ultimate success of our un-

dertaking depends almost entirely upon the attitude of the next generation.
— Preinreich, 1933

1. Introduction

Regulators and standard setters have long emphasized improving the clarity of financial dis-
closures by reducing undue complexity (i.e., the SEC Plain English Mandate, the IASB’s Disclo-
sure Initiative). We study firms’ use of accounting terminology, a fundamental but often over-
looked ingredient of accounting communication (Mills, 1989; Loughran and McDonald, 2014),

and its consequences for users’ information processing costs.

Accounting is the language of business. As a language, it includes grammatical, i.e., account-
ing rules and methods, and lexical characteristics, i.e., accounting terms and concepts (Belkaoui,
1978; Riahi-Belkaoui, 1995). In a specialized vocabulary, standardization is considered a key to
clear communication (Cabré¢ Castellvi, 1999) and occurs when one concept is referred to by only
one term, and one term only refers to that concept (Temmerman, 2000).! However, this principle
is often violated, as accounting terms emerge from business practice, regulation, and translations
(Fuertes-Olivera and Nielsen, 2011). For example, firms can talk about “property, plant, and equip-
ment” or “tangible fixed assets” as well as “deferred revenue” or “unearned income.” They use

different terms to refer to the same accounting concept.

Divergent accounting terminology has long been a problem in the accounting profession
(AICPA 1953, Silhan, 1978). Academics (Koonce et al., 2005; Blankespoor et al., 2014; Hoitash

et al., 2021), standard setters (IASB, 2015), and regulators (ESMA, 2013) have suggested that the

! According to the univocity principle both synonyms (multiple terms with the same meaning) and polysemy (terms
with multiple distinct meanings) should not exist. While polysemy is also present within the accounting language, its
presence is very limited (e.g., the term “stock” can both refer to both the concepts inventory and shares). We focus on
synonyms as a more apparent and longstanding phenomenon.
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use of unstandardized terminology can impair the comparison of firms’ financial statements and,
in economic terms, increase users’ information processing costs (Blankespoor et al., 2020). This
is also the concern underlying recent initiatives on digital reporting: establishing an XBRL taxon-
omy requires the creation of a one-to-one mapping where one tag describes one element (i.e., an
accounting concept) (IASB, 2019; Hoitash et al., 2021). The rationale for these arguments, found
in the early work on accounting terminology, is that a lack of standardized terminology gives rise
to unnecessary complexity and erodes understanding (Preinreich, 1933; Singer, 1960; Haried,
1972). As accounting instructors, we can relate to these assertions: we frequently face questions
from students inquiring about whether two terms have the same meaning. When we take this con-
jecture to the lab, students who receive a statement with a more standardized terminology make
fewer mistakes and process information faster. Yet terminology standardization has received little

attention in empirical research.

We provide the first large-sample evidence on accounting terminology. Our analysis proceeds
in two steps. First, we describe firms’ use of accounting terms and concepts and shed light the
level of terminology standardization in reporting practice. Second, we evaluate the implications of

unstandardized terminology on users’ information processing costs.

We focus on firms’ annual reports as the primary output of the financial accounting system
and collect them for firms worldwide over the past two decades. We rely on SEC EDGAR for US

firms and Perfect Information Filings Expert for firms incorporated in other countries.

As no comprehensive accounting thesaurus exists, we start by creating two complementary
term and concept lists of accounting terminology, including multi-word expressions, n-grams. For
our “top-down” lists, we gather accounting terms from a range of authoritative sources focused on
accounting terminology (accounting dictionaries, standards, and XBRL taxonomies). Our top-

down term and concept lists consist of 20,492 unique accounting terms and 964 concepts with an
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average of 5.4 terms per concept (total 5,166 synonyms). For our “bottom-up” lists, we exploit the
structure of firms” XBRL filings. Their tagging allows us to parse the terms firms use to describe
the same line item and therefore map the different terms firms use in practice for the same account-
ing concept. Our bottom-up lists consist of 63,099 unique terms and 6,155 concepts with an aver-
age of 11.6 terms per concept (total 71,485 synonyms). These lists have unique advantages and
disadvantages: while the top-down approach builds on specialized dictionaries, it relies on the
sources’ classification of synonyms, which may not reflect subtle differences in meaning and the
extent of variation in practice. Instead, the bottom-up approach controls for the underlying eco-
nomics of transactions, but the labels also capture writing conventions (stylistic differences in
word choice, word order, or additional details) rather than real synonyms, and the same term can

describe different but semantically related tags (due to the hierarchy of the XBRL taxonomy).>

We start by describing firms’ use of accounting terminology. We find that, on average, words
comprising accounting terms represent around 15 to 20 percent of the vocabulary a firm uses in its
annual report (excluding stop words). For an average concept in our lists, the likelihood that two
firms within an industry-year use the same term for a concept is only between 50 percent and 60
percent, even when firms apply the same accounting standards, such as in the United States. We
report the most frequent terms and concepts that appear in firms’ reports and provide examples of
the variation we observe and concepts’ evolution. Collectively, our statistics uncover novel macro-
level insights into firms’ use of accounting terminology and document that accounting terminology

is often unstandardized in practice.

Next, we identify real-world settings where we expect unstandardized terminology to represent

a key friction. We examine three sets of users of accounting information. First, we study analysts

2 For example, firms may use the term “accounts receivable” when describing the XBRL tags <us-gaap:receiva-
blesnetcurrent> and <us-gaap:accountsreceivablenetcurrent>. Both tags appear in the US GAAP XBRL Taxonomy,
but the former should include accounts receivable and other types of receivables.
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who collect accounting data for commercial databases (i.e., Compustat and Worldscope). Second,
we consider recent advancements in technology and examine the ability of artificial intelligence
(AI) in the form of a generative pre-trained transformer (GPT) to identify accounting items, mim-
icking the job of a data analyst. Third, we study financial analysts, a traditional group of users of
accounting information. Each setting comes with unique features that help provide specific insights
with respect to unstandardized terminology. The data analysts’ test allows a direct mapping be-
tween terminology standardization and a measure of information processing cost at the concept
level. With the GPT test, we account for the fact that disclosures are subject to both manual (hu-
man) and automated (computerized) processing (or a combination) (Allee et al., 2018). We show-
case the importance of the underlying training corpus and prompting (task complexity) in assessing
whether Al can process accounting data and whether unstandardized language represents a friction
for machines. In our financial analysts’ tests, we exploit information about the portfolio of com-
panies an analyst follows. Our presumption is that, if we can show that unstandardized terminology
affects these sophisticated parties, it will matter even more to other users, who have less attention,

expertise, or time.

Empirically, we need to capture the level of terminology standardization. As our main proxy,
we introduce a measure from linguistics, concept-based standardization (CBS). The CBS (based
on the Manhattan distance) captures whether two firms use the same term when referring to a
concept. For the GPT test, we develop three sets of measures based on core characteristics of the
technology—masking predictions, term frequency, and cosine similarity of a term embedding—at
identifying the term GPT would recognize as the standard one within a concept. We use these in
the analyses described below. The granularity of our measurement, at the concept-firm-year level,
allows for a tight fixed effects structure (i.e., including firm-year fixed effects), which helps rule

out alternative explanations.



We begin our investigation with commercial data providers (i.e., Compustat and Worldscope),
whose analysts extract large quantities and many different types of accounting data from firms’
annual reports. As the financial industry and investors outsource the collection of firms’ financials
to data providers (CFA Institute, 2016; Tarca, 2020) that are subject to processing constraints (e.g.,
Akbas et al., 2018; Schaub, 2018), missing or wrong values of data items spill over to many users’
decision-making. We posit that issues across commercial databases shown in the literature may
also stem from ambiguities in terminology. (For a review, see Chychyla and Kogan, 2015.) We
focus on missing items (e.g., Chen et al., 2015). We hypothesize that missing items are negatively
associated with the level of terminology standardization. Our results support these predictions.
Across different term lists, samples, providers, and fixed effects structures, we find that greater
terminology standardization at the concept level is associated with a lower likelihood of having a
missing item for the corresponding data item. In the cross-section, the effect is driven by those line
items that exhibit more variation to start with—that have more synonyms, display a lower textual
similarity, and for which no dominant term emerges—where information processing costs are
higher. These findings back the idea that terminology standardization influences data analysts’

information acquisition.

Second, recent advancements in the field of Al and emerging evidence on the capabilities of
these new technologies may cast doubt on whether unstandardized terminology affects information
acquisition by these new users (e.g., Bernard et al., 2024; Shaffer and Wang, 2025). We test this
conjecture by asking a large language model (i.e., GPT) to match accounting items from firms’
annual reports to variables in Compustat and Worldscope, essentially mimicking the job of data
analysts. When we provide the GPT with real-world financial statements, we find that it makes
fewer mistakes in identifying accounting items when terminology standardization is higher, across

several standardization proxies and prompts, even when provided with the simplest one-to-one



matching task. This finding is consistent with unstandardized terminology also increasing com-

plexity for machines.

Third, we focus on financial analysts and examine the association between terminology stand-
ardization and their output (coverage, accuracy, and dispersion). We find that terminology stand-
ardization, as proxied by the CBS at the firm-year, is positively associated with the properties of
analysts’ forecasts. Exploiting the granular information about analysts’ portfolios, we further show
that standardization especially benefits less experienced analysts and that standardization among

the firms within an analyst’s portfolio is what matters for these users.

Overall, our analyses provide consistent evidence from different empirical angles that termi-

nology standardization impacts information processing costs.

Our research makes several contributions to the literature. First, we contribute to a longstand-
ing literature (e.g., Preinreich, 1933; Fjeld, 1936; Bowers, 1944; Singer, 1960; Haried, 1972) by
conducting the first large-scale analysis of accounting terminology, its level of standardization,
and the consequences for users’ information processing costs. Second, we add to the textual anal-
ysis literature in accounting and finance (for a review, see Loughran and McDonald, 2016) by
constructing term and concept lists that consider the specificity of accounting language (i.e., the-
sauri of accounting terminology, considering n-grams) and by introducing measures to capture
unstandardized terminology empirically. Citing Egozi et al. (2011), Loughran and McDonald
(2016) note that it would be valuable to account for semantic relationships (i.e., meaning) when
measuring document similarity. Our approach addresses this by grouping terms according to their
meaning. Moreover, our descriptive evidence on firms’ use of accounting terminology and the
degree of terminology standardization complements the analyses of textual characteristics and dis-
closure topics of Lang and Stice-Lawrence (2015) and Dyer et al. (2017) by examining a distinct

yet central and previously overlooked dimension of financial reporting communication. Third, we
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respond to Blankespoor et al.’s (2020) suggestions for future research by illuminating that targeted
linguistic properties of financial reports (i.e., the use of accounting terminology) matter for the
information provided in widely used financial databases. Fourth, our evidence adds to the emerg-
ing literature on the capabilities of LLMs in financial applications (Bernard et al., 2024; Shaffer

and Wang, 2025) and shows that they face information processing frictions as well.

Overall, our findings can inform standards setters’ and regulators’ discussions of the standard-
ization of financial reporting (e.g., IFRS Taxonomy Project, European Single Electronic Format).
Our results suggest they should care about the choice of words, as unstandardized terminology
produces undue complexity. To this point, the IASB has started to recognize the importance of
terminology, acknowledging that “the use of multiple English terms for very similar concepts in
IFRS Standards can be maddeningly confusing to non-English speakers,” and so the organization
has “tried to be more disciplined in our use of English terms” (Hoogervorst, 2019). Our paper

shows that word choices in disclosure regulation have economic consequences in themselves.

2. Conceptual Underpinnings

From a conceptual perspective, our paper is rooted in the early days of the accounting disci-
pline. Accounting theorists have long suggested that firms’ use of unstandardized terminology can
affect the clarity of financial reporting information and thus threaten mutual understanding (Pre-
inreich, 1933; Kohler, 1935; Tenner, 1941; Bowers, 1944; Singer, 1960). Theories from linguistics
support this argument. Terminologists argue that standardization, defined by the univocity princi-
ple, is key to effective and unambiguous communication in specialized languages (Cabré Castellvi,
1999; Temmerman, 2000). That is, to avoid ambiguity, “a single term should be assigned to one
concept only and vice versa.” (Felber, 1980). However, in practice, this is often not the case. For
example, according to IFRS 10, the concept defined as “the equity in a subsidiary not attributable,

directly or indirectly, to a parent” should be referred to as “non-controlling interests,” but many



firms use the term “minority interests” instead. While other specialized disciplines (medicine or
law) have addressed the issue of unstandardized terminology (e.g., in the medical field, Wermuth
and Verplaetse, 2019), no study has investigated the true extent to which accounting terminology
is unstandardized and the potential implications for users, i.e., whether this variation has economic
consequences.

Based on these arguments, we expect unstandardized terminology to affect the understanda-
bility of firms’ financial reporting information and, in economic terms, the information processing
costs of users (Blankespoor et al., 2019). The idea that language standardization could affect in-
formation processing is also underscored by Blankespoor et al. (2020): “Boilerplate language
could also provide a standardized structure that aids in finding relevant information .... Similarly,
using consistent language over time could make it easier to identify new information in period-
over-period comparisons.” (p. 26). In line with this, we predict that the level of standardization of
accounting terminology in firms’ annual reports will affect the users’ ease in identifying relevant

data.

Anecdotally, we witness this conjecture as accounting instructors. Students often ask whether
different terms firms use have the same meaning.*> To illustrate the intuition of our line of argu-
ment, we start by using a laboratory setting where we can hold all other factors constant while
examining the effects of unstandardized terminology on information processing costs.* We con-
duct a simple one-by-two between-subjects experiment and task undergraduate business students
with matching accounting items from a firm’s financial statements to a set of data items in Com-
pustat. A prerequisite to participation is having taken the financial accounting class. We provide

participants with (1) the income statement, (2) the asset side, and (3) the liabilities and equity side

3 This issue is real to the point that colleagues at different institutions have told us that they provide students with
lists of accounting terms and their synonyms.
4 Our approach resembles the experiment used to validate the Bog Index in Bonsall et al. (2017).
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of a hypothetical company. Each student is randomly assigned to a statement with more (less)
standardized terminology. For example, a student can receive a more standardized income state-
ment but be presented with a less standardized asset side. To operationalize, we create the state-
ments such that (a) the more (less) standardized disclosure consists of terms that are more (less)
frequently used in practice (based on our samples of US financial statements) and (b) the less
standardized terms exhibit the higher textual distance from the data item names in Compustat. See
Appendix A Panel A for an example set of high (low) standardized statements and Panel B for the
students’ task description. Other than the terms in the financial statements, everything else is held
constant across conditions. Each student must match 40 different line items with Compustat data
items. We recruited 73 students, resulting in a total of 2,920 observations.

The results in Table 1 show that participants receiving the more standardized disclosure take
less time and make fewer errors. Panel A displays that participants, on average, take four seconds
less and make 16% fewer errors when provided with a more standardized term. Results are con-
sistent across financial statements (Panels B, C, and D), and the inferences hold when we exclude
line items where the Compustat data item name corresponds to the term displayed in the financial
statement (Panel E) or when we conduct a within-participant analysis (Panel F).? In sum, this ex-
perimental evidence from the lab illustrates that unstandardized terminology impairs human infor-
mation processing (time of extraction and error).

We take this intuition into the field by identifying real-world settings where the standardization
of terminology should directly impact information acquisition. We examine (1) the effects of un-
standardized terminology on commercial data providers whose data analysts’ specific task is to

extract large quantities and many different accounting data from firms’ annual reports; (2) whether

5 In Panel F, we have to limit the sample to those participants who were assigned statements from both conditions,
leaving us with 57 participants. We compute the average error rate and processing time for the items displayed in the
(more) less standardized statement and run a t-test of the difference.

9



unstandardized terminology represents a friction for machines; (3) whether unstandardized termi-

nology affects financial analysts, the group of users of accounting information studied most.

First, in our data providers’ test, we study the association between terminology standardization
and missing data as a proxy for information acquisition costs. Traditional data providers rely on a
combination of computerized and manual collection to extract accounting data from firms’ filings.
After a first pass based on automated searches of companies’ financials, data analysts trained on
the collection methodologies start working on the document (see Becker et al., 2021, Section 4.2.2
for more details).® Studies have pinpointed data quality issues in accounting databases (e.g., Chy-
chyla and Kogan, 2015; Boritz and No, 2020). And the Worldscope guide explicitly mentions
differences in terminology as one of the main challenges analysts face when collecting raw data
(Refinitiv 2020, p. 30). Nobes and Stadler (2018) document that the less common translations of
the term “impairment” are associated with missing data in Worldscope. In semi-structured inter-
views we conducted with analysts at Compustat and Worldscope, representatives from both pro-
viders highlighted that differences in terminology affect their information acquisition.” Collec-
tively, we predict a negative association between the level of terminology standardization for an

accounting concept and the likelihood of having a missing item for that concept.

Second, given the recent developments in Al and the possibility of relying on these new tech-
nologies to process accounting information (Allee et al., 2018), we ask GPT to identify accounting
items in real-world firms’ financial statements that exhibit different levels of standardization, i.e.,

effectively mimicking the job of data analysts. Recent evidence from both research and practice

¢ According to our conversations with them and as observed by Du et al. (2022), traditional data providers like
Worldscope and Compustat do not rely on XBRL financial statements, even when available.

7 For example, representatives stated: “Firms do use different terms to refer to similar things; we see this across North
American and Global companies. Our internal definitions and methodologies do document these differences to best
categorize like items together” (correspondence with the authors). Others said: “Yes, companies may use different
terminology for the same item under different accounting methods, and we do a thorough research of the document
and make the call accordingly” (correspondence with the authors).
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regarding real-world applications is conflicting: while OpenAI’s benchmarks demonstrate that
frontier AI models can handle complex tasks in economically valuable settings (Patwardhan et al.,
2025), industry research suggests that only 5% of task-specific Al tools reach production deploy-
ment (Challapally et al., 2025). To what extent unstandardized terminology affects GPT’s ability
to retrieve accounting information is unclear. Recent studies suggest that a GPT can process finan-
cial disclosures (Shaffer and Wang, 2025), but whether it can deal with variation in technical lan-
guage depends on the prevalence of that kind of variation in a GPT’s training corpus. A GPT is
trained on vast amounts of publicly available internet data (Achiam et al., 2023). Insofar as the
training corpus includes technical language and maps synonyms of accounting terms to the same
concept, the GPT should be able to identify items correctly. However, Levy and Wang (2024)
document that only a small percentage of the business corpus is included in commonly crawled
datasets, and a GPT therefore may not be sufficiently familiar with accounting synonyms. In ad-
dition, Bernard et al. (2024) show how complexity influences a GPT’s confidence in predicting
the relevant XBRL tags. Thus, unstandardized terminology could still increase complexity, affect-

ing GPT’s ability to identify the relevant accounting item.

Third, we investigate whether unstandardized terminology imposes costs on traditional capital
market participants. We focus on financial analysts who rely on accounting information (Brown
et al., 2015) and study the association between terminology standardization and the properties of
their forecasts as a proxy for information processing costs (De Franco et al., 2011; Peterson et al.,
2015). The literature on whether analysts are affected by financial reports’ linguistic properties is
inconclusive (e.g., Lehavy et al., 2011; Bonsall et al., 2017). While financial analysts are sophis-
ticated users, the pure magnitude of technical terms and synonyms in reporting practice likely

challenges their skills, cognitive abilities, and time. The extent to which unstandardized accounting
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terminology spills over into their research output is less direct than for data analysts and therefore
ultimately an empirical question.

3. Data

3.1. Capturing Accounting Terminology: Term and Concept Lists

To build a comprehensive thesaurus of accounting terminology, we construct two alternative
accounting term and concept lists following a top-down and bottom-up approach (see online ap-
pendix for details).

We build the fop-down lists as follows. We collect accounting terms and concepts from multi-
ple sources to proxy for the universe of accounting terminology.® Our term list includes terms from
IFRS, US GAAP, and UK GAAP authoritative sources and specialized accounting dictionaries.
Terms that are explicitly classified as synonyms by these sources are grouped by the accounting
concept they refer to (if any) and constitute our concept list. After some initial cleaning and stand-
ardization, these lists are refined and augmented using a GPT-based procedure.’ After careful man-
ual validation, the resulting thesaurus is restricted to the language found in our global corpus,
which ensures that our lists reflect terminology actually used in reporting practice. The summary

statistics of the top-down term and concept lists are reported in Tables 2 and 3.

8 We acknowledge that what constitutes accounting terminology as well as its boundary is not well defined. We there-
fore rely on the selection of independent sources in English that specifically target “accounting terminology.”

9 Research indicates that LLMs can identify synonyms in scientific jargon (ThieBen et al., 2023). We verify that this
is true for accounting terminology by examining how these models represent term similarities. LLMs like GPT convert
text into their vector space representations, where semantic similarities are captured by vector proximity (i.e., closely
related terms or synonyms should be located closer in the n-dimensional embedding space than unrelated terms).
Using a publicly available embedding model from OpenAl (TextEmbedding3Large), as well as the domain-specific
ProsusAi FiInBERT model for comparison, we can analyze how accounting terms are represented in vector space. We
start by plotting the vector space representation of all terms part of a concept in our lists. Across all models, we
consistently observe that terms within the same concept are closer together than terms from another concept. We
validate the graphical evidence by computing the cosine similarity of the vector space representation of synonyms
versus terms belonging to different concepts. Terms belonging to the same accounting concept exhibit a statistically
significantly higher similarity than terms belonging to different concepts. See online appendix for supporting figures
and tables. Note that the task of providing us with synonyms for accounting concepts differs from the task of mimick-
ing the job of a data analyst that we study in Section 4.2.2., where the latter entails different layers of complexity that
go beyond individual synonym recognition.
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Our top-down approach builds on specialized dictionaries, capturing synonyms across bor-
ders and reporting regimes. However, it may have two main limitations. First, our concept list may
be incomplete: we identify synonyms only for a subset of terms (i.e., the majority of terms do not
have a synonym), and, for those for which we have a synonym, we may not capture the complete
variation (i.e., all existing synonyms per concept). We may therefore be neglecting variation in
terminology, biasing our standardization measures upward. Second, we assume the synonyms de-
fined by our sources are real (i.e., they are used interchangeably). To the extent that our list is
imprecise (i.e., identifies terms as synonyms when, in specific contexts, they may have subtle dif-
ferences in meaning), we are making dissimilar things look similar, biasing our standardization
measures downward.

To overcome these limitations, we develop an alternative dictionary following a bottom-
up approach. To this end, we rely on XBRL filings on EDGAR. Specifically, we parse financial
statements and extract from the respective Exhibit 101.LAB files the different terms firms use to
describe the same line item, mapping them to the accounting concepts via taxonomy tags. As with
the top-down lists, raw labels are standardized. A careful inspection suggests that many terms
reflect different writing conventions, such as stylistic differences in word choices, word order, or
added detail rather than real synonyms. Tagging errors are also frequent (in line with previous
research on XBRL; see Hoitash et al., 2021). To reduce noise, we impose a frequency threshold:
a term must appear in at least 20 distinct filings. All remaining terms are grouped by their under-
lying taxonomy tag to form bottom-up concepts. We restrict this list to the terminology actually
observed in our US 10-K corpus. Finally, since some terms are linked to multiple tags (sometimes

erroneously), we apply a majority disambiguation rule. That is, we remove terms within our
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concepts that appear in less than 5% of all filings for a given concept (tag).!® We create an inter-
national version of the bottom-up list by repeating these steps for non-US firms cross-listed in the
United States that file 20-F reports using the IFRS Taxonomy. The summary statistics of the bot-
tom-up term and concept lists are reported in Tables 2 and 3.

Due to their construction, the bottom-up lists ensure that we capture terms that describe the
same economics (i.e., they represent different human-readable labels for the same XBRL tag) and
that we are identifying the variation in reporting practice for a large sample of firms and over time.

When comparing the top-down and bottom-up ferm lists in Table 2, we observe that the
latter consists of more terms and includes higher n-gram terms; that is, the number of terms with
3+ grams is higher than in the top-down list. This reflects the prescriptive and more technical
nature of the XBRL taxonomies and the fact that preparers borrow the terminology from the XBRL
tags to label accounting items in their reports.

When examining the concept lists in Table 3, we note, on average, more synonyms per
concept in the bottom-up (10-Ks) relative to the top-down list (12.0 versus 5.4 terms per concept).
We attribute this difference to the fact that the bottom-up approach captures variation in reporting
practice that not only relates to what we would generally consider real synonyms but also due to
different writing conventions. Concepts in our bottom-up lists exhibit a higher textual similarity
(0.86 versus 0.78) and a lower concentration (0.54 versus 0.58) relative to the concepts in our top-
down dictionary. While this latter type of variation at the individual concept level is most likely
understandable to a careful user, it still adds complexity, as these differences, even if small, add

up for users who need to process much data or compare firms’ financial statements.

10 For example, a few companies erroneously use the term “net income” for the income tax expense benefit tag, and
thus “net income™ appears as a synonym for “income tax expense” in our original bottom-up (10-K) list. The 5%
frequency filter removes “net income” from the group of terms associated with the income tax expense benefit tag.
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3.2. Usage of Accounting Terminology: Sample

Annual reports constitute the second key element of our investigation.!! In the absence of a
centralized repository for non-US filings, we employ distinct procedures to collect this data (see
online appendix for details).

For non-US firms, we collect annual reports from the Perfect Information database

(https://www.filingsexpert.com/) and match them to LSEG Datastream by firm name to retrieve

firm identifiers and company information.'> We remove scanned, non-English, and duplicated doc-
uments. We restrict the sample period to 2000-2019 and exclude countries with fewer than 100
available reports. To ensure sufficient accounting terminology for our subsequent tests, we require
documents to contain at least the first percentile (P1) of unique accounting terms within the non-
US sample. We convert all PDFs into plain text and apply the same standardization procedure as
for our term and concept lists. Subsequently, we tokenize the reports at the word level while pre-
serving the sentence structure. Tokenization enables us to assign a word to a single accounting
term if that word is part of a higher n-gram (i.e., avoid double-counting). Table 4 Panel A lists our
sample selection steps. Our sample of non-US firms comprises 28,531 unique firms and 226,522
firm-year observations.

For US firms, we rely on EDGAR and Compustat. Our starting point is the SEC EDGAR
10-K filings universe, which we restrict to the timeframe 2000-2019. Next, we match the remain-
ing documents to Compustat using the Central Index Key (CIK) and the filing date retrieved from
EDGAR’s metadata. As in our non-US sample, we require documents to contain at least the first
percentile (P1) of unique accounting terms within the US sample. Table 4 Panel B provides our

sample selection steps. Our sample of US firms consists of 11,945 unique firms and 95,096 firm-

'"'We focus on annual filings as the most comprehensive output of the financial reporting system. Our thesaurus of
accounting terminology will be equally applicable to other types of filings or communications where accounting in-
formation plays a role but may be supplemented by context-specific domain or jargon.

12 The Perfect Information database stores documents using only firm names as identifiers. We develop an algorithm
to match the firm name from the Perfect Information database with firm names from LSEG Datastream.
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year observations. We repeat these steps to construct our sample of non-US cross-listed firms,
which consists of 770 unique firms and 5,790 unique observations, as reported in Panel C.

Throughout the manuscript, we combine our non-US and US samples and refer to that as
our main sample.

For our Al data analyst tests, we construct a sample of iXBRL filings from EDGAR.
iXBRL documents are human-readable XBRL submissions predominantly available since 2020.
Unlike standard XBRL, which provides only machine-readable tags, iXBRL embeds both tags and
the human-readable labels associated with them, allowing us to more precisely link financial state-
ment line items to their descriptive text. We parse every HTML table within the filing and compare
its XBRL tags against the XBRL taxonomy to determine whether the table represents an income
statement or a balance sheet. Next, we map XBRL tags within the statements to the data items in
Compustat and Worldscope and apply a series of cleaning steps to the extracted tables to ensure
the statements are suitable for analysis. After removing tables with formatting issues, duplicate
tags, or ambiguous matches, we retain only statements with at least five unique line item matches,
firms covered in both databases, and filings that include both an income statement and a balance
sheet. This process yields 2,375 iXBRL 10-K filings, resulting in 4,750 financial statements. Table
4 Panel D summarizes all the steps for the construction of our iXBRL sample.

4. Empirical Analyses
4.1. Unstandardized Accounting Terminology in Reporting Practice

This section presents some selected descriptive statistics on accounting terms and concepts.
We begin by assessing the importance of accounting terminology in our main sample of annual
reports by calculating the percentage of accounting-related words.!> On average, according to our

term lists, accounting words represent around 15 percent to 20 percent of the text a firm uses in its

13 We calculate the percentage of accounting words by dividing the number of words appearing in our accounting term
lists by the total number of words in our main sample of annual reports. We exclude stop words and numbers from
the computation.

16



annual report, and for an average concept in our lists, the likelihood that two firms within an in-
dustry-year use the same term for a concept is only between 50 percent and 60 percent, even when
firms apply the same accounting standards, such as in the United States.!*

Table 5 provides descriptives on terms’ and concepts’ usage at the document level. On average,
firms use up to 1,851 (1,505) accounting terms corresponding to 482 (457) unique accounting
terms in their reports, in our top-down (bottom-up) list. Terms that are part of a concept and have
synonyms play a meaningful role. Firms report an average up to 200 (414) unique concepts within
a given year in their annual reports (10-K). Overall, these percentages demonstrate the importance
of accounting terminology and the use of synonyms in reporting practice.

Figure 1 illustrates that the most frequent accounting terms are the lower n-gram terms, and,
interestingly, when we consider unique terms, most of the accounting terms that appear in firms’
annual reports consist of more than one word. Table 6 Panel A reports the 25 most frequent terms
using the bottom-up and top-down lists, respectively. According to these frequencies, some of the

most used accounting terms in our list are also part of more general business vocabulary (e.g.,

29 ¢ 99 ¢

“board of director,” “corporate governance,” “real estate,” and “interest rate”), while we also ob-
serve more technical terms that one would find in a financial accounting textbook (e.g., “impair-
ment loss” or “intangible asset”). In general, the higher the number of grams, the more technical
in nature the terms get. These more technical and prescriptive terms need multiple words to de-
scribe the accounting concept they intend to capture and help distinguish the essence of different
economic transactions. The observation that our term lists and documents’ corpora include both a

more general business vocabulary as well as more targeted accounting terminology is consistent

with the fact that accounting emerges from business practice, and thus that the definition of an

4 We calculate the likelihood of firms sharing the same term within a concept by randomly sampling pairs of firms
within each industry-year-concept combination and determining whether they use identical terms. Next, we average
this measure across all industry-year-concept groups in our sample.
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accounting term, in practice, can have a broader or narrower scope (i.e., the boundaries are a gray
zone). Taken together, our descriptives suggest that term lists that solely focus on 1-grams, such
as the Loughran and McDonald (2011) dictionary, are ignoring a considerable portion of the ac-
counting vocabulary, in particular, the more technical terms.

Next, we explore the extent to which we observe unstandardized terminology in reporting prac-
tice. Table 6 Panels B, C, and D report the five most frequent financial statement concepts by term
list and provide illustrative examples of how synonyms emerge. Specifically, some synonyms re-
sult from linguistic causes because, for example, they contain synonyms within the English lan-
guage, such as the terms “profit” and “income.” Other synonyms are linked to the existence of
different accounting standards, for instance, the terms “shareholder” and “stockholder,” which
come from the IFRS and US GAAP, respectively. Table 6 also provides examples of the similarity
in wording across synonyms within a concept: in some cases, a synonym more precisely describes
a concept, e.g., “income tax” versus “income tax expense.” In other cases, terms differ in their
entirety, e.g., “fixed asset” versus “long lived asset.”

We also explore how the usage of synonyms evolves. Figure 2 reports two examples of differ-
ent trends toward standardization that we observe for individual concepts when employing our
top-down (Panel A) and bottom-up (Panel B) lists, respectively. In some instances, we see a clear
shift toward one prevalent term reported, such as for “non-controlling interest.” In other cases, we
do not see standardization emerging for certain concepts, and several terms keep coexisting, such
as for “unearned revenue.”

Overall, these descriptives uncover novel macro-level insights on the magnitudes and different
facets of unstandardized terminology that may moderate the effect on information acquisition: the
number of synonyms used, the textual similarity, and the concentration within a concept. In the

remainder of the manuscript, we test whether unstandardized terminology affects users.
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4.2. Unstandardized Accounting Terminology and Information Processing Costs

This section evaluates the implications of unstandardized accounting terminology on infor-
mation processing costs. We study different groups of users of financial reporting information: (i)

data analysts at commercial providers, (ii) Al data analysts (GPT), and (iii) financial analysts.

4.2.1. Data Analysts at Commercial Providers

For our data providers’ tests, we proxy for information processing costs by the incompleteness
of a database, i.e., whether the provider reports a missing data item-firm-year observation, under
the assumption that items that are costlier to collect are less likely to be collected by commercial
providers facing cost-benefit trade-offs.!*> The granularity of our data and measurement allows us
to conduct this analysis at a concept, i.e., data item, level. That is, we investigate whether the level
of terminology standardization for a given concept in a firm-year is associated with the likelihood
of data providers reporting a missing value for the data item. This direct mapping of our standard-
ization measure and outcome variable strengthens identification.

To perform our tests, we focus on Compustat and Worldscope. We match our concept lists to
the data items collected and distributed by the two data providers. Following Du et al. (2022), we
focus on the data items in the balance sheet and income statement that are part of the balancing
models of each provider. To determine which underlying accounting concepts are captured by
these data items, we fuzzy match their labels to the synonyms in our concept lists and manually
validate the matches, consulting their corresponding definitions. Following this procedure, we can

match 136 (119) unique concepts to 139 (119) unique data items reported in Compustat

15 Our tests rely on the existence of missing items in commercial databases. We observe considerable variation across
data items. Three main reasons, unrelated to terminology standardization, explain missing items. First, as data collec-
tion is costly, providers prioritize the collection of items and firms with higher customer demand. Second, items may
capture rarely disclosed information or information that does not apply to specific industries. Third, providers may
follow different data aggregation and standardization procedures, depending on the industry. Our fixed effects and
controls should mitigate the effect of these alternative explanations.
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(Worldscope) for our top-down list and 107 (92) unique concepts to 95 (81) unique data items in
Compustat (Worldscope) for our bottom-up list, respectively.'®
Next, we estimate the following firm-concept-year level specification:

Missing Itemi’c’t‘ q=

B, t+ B,CBS-F z'rm—Concepti‘c,t +Z B, Controls +Z B,Fixed Effects, (1)

where the dependent variable is Missing Item, an indicator variable capturing whether the
data item corresponding to concept ¢ for firm i at time # in database d is missing. The main explan-
atory variable is the concept-based standardization measure CBS-Firm-Concept of concept ¢ for
firm 7 at time ¢. This measure (based on the Manhattan distance) is bounded between 0 and 1 and
captures the extent to which two speakers (here firms) use the same term when referring to a spe-
cific concept (see Appendix C for details).!” Higher levels of this measure indicate higher termi-
nology standardization between two firms for a given concept. The CBS-Firm-Concept measure
we employ is the yearly average of the CBS calculated for each concept over each unique pair of
firms in the respective sample that belong to the same industry (as defined by the three-digit ICB
code) and region (United States versus Non-United States) of the focal firm. We compute this
standardization measure within industry, as in our communications with data providers, they stated

that their analysts are assigned to firms primarily by industry. We compute the CBS within regions,

16 To put the number of matches into context, in their analysis of discrepancies between as-reported 10-K files of US
issuers and Compustat items, Du et al. (2022) analyze 73 data items, and 55 of these appear in either the balance sheet
or income statement. Note that, for the bottom-up lists, while each tag can only be matched to one database item, each
database item can be matched to multiple tags. For example, the XBRL tags <us-gaap:receivablesnetcurrent> and <us-
gaap:accountsreceivablenetcurrent> are both matched to the Compustat item RECT (Receivables — Total) and the
Worldscope item 1D02051: Receivables (Net). For the top-down list, a handful of concepts can also be matched to
multiple database items. For instance, the concept “minority interest” can be found both in the balance sheet and the
income statement of providers’ balancing models. We retain all these matches for our analyses. In the online appendix
Table OA4-1, we restrict our analyses to the one-to-one matches between the XBRL Taxonomy and Compustat from
Du et al. (2022). Our results are robust to this filter.

17 This measure seems particularly suitable to our context for two reasons. First, it was developed to study how differ-
ent varieties of the same language (e.g., British and American English) converge over time by examining the extent
to which different terms (i.e., synonyms) refer to the same concept. Second, the measure has been applied to languages
for specific purposes (e.g., da Silva, 2010). This measure is also known as profile-based linguistic uniformity. For a
detailed description, see Speelman et al. (2003) and Geeraerts et al. (2024).
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as data providers employ distinct data collection procedures for U.S. and non-US firms; for in-
stance, Compustat maintains separate databases (Compustat North America and Compustat
Global) to account for these differences. We control for firm size as a proxy for market demand
for information that we predict will affect the data analysts’ information acquisition. We also con-
trol for other firm characteristics associated with firm information quality: return on assets, book-
to-market ratio, leverage, age, and loss observations. We include firm, year, database, and concept
fixed effects to account for firm, time-trend, database, and concept characteristics. We estimate
our specification also controlling for the general level of accounting language similarity of the
report by including the average cosine similarity at the firm-year level relative to all other firms in
the same industry (Lang and Stice-Lawrence, 2015), computed using our entire accounting term
lists.!® While the cosine similarity captures how similarly firms discuss their accounting, the con-
cept-based standardization (CBS), by grouping terms according to their meaning, captures how
similarly firms address the same accounting issue (Ruette et al., 2014).!? Finally, we also run a
specification that includes firm-year fixed effects, which account for any time variant firm and
report characteristics.

We present our analyses separately for our top-down and bottom-up lists. Additionally, we
take advantage of our bottom-up lists and restrict the estimation only to firm concepts for which
the firm has reported a specific tag in a given year, that is, where we are sure the item is non-

missing in a firm’s original filing. This approach addresses the concern that a data item may be

18 Qur results are insensitive to computing the cosine similarity using the Loughran and McDonald (2011) diction-
ary, which captures business language more broadly and speaks to how similar firms talk in general.

19 Our approach follows Loughran and McDonald’s (2016, p. 1215) suggestion of considering word meaning when
measuring document similarity. Ruette et al. (2014) show how controlling for word meaning is necessary when stud-
ying different varieties of the same language, as the cosine similarity metric alone could also suggest that “different
words are used to refer to different content.” In our context, this implies that cosine similarity would treat synonyms
as distinct terms, implying that firms discuss different economic constructs when, in fact, they do not. In contrast, our
approach recognizes that different terms can convey the same meaning, revealing that it is the linguistic expression
and not the underlying economic substance that varies across disclosures.

21



missing because the firm is not reporting a specific line item for that concept. We refer to this
sample as “Has Tag.”

Table 7 reports the descriptive statistics for the variables used in our data analysts’ tests. We
display statistics separately for our main and “Has Tag” samples when employing the top-down
and bottom-up lists. On average, we observe between 4 percent and 15 percent missing data items,
depending on the sample and the term list. Consistent with expectations, the “Has Tag” samples
present the lowest percentage of missing items. The CBS of the concepts in our data provider tests
ranges, on average, between 42 percent and 60 percent.

Table 8 Panel A Columns 1 to 4 report the results for estimating Equation 1 for the association
between the level of terminology standardization and the likelihood of having a missing item in
Worldscope or Compustat for our main sample when employing our top-down or bottom-up list,
respectively. The negative coefficients of the CBS-Firm-Concept standardization measure suggest
that a higher level of terminology standardization for a concept-firm-year observation is associated
with a lower likelihood of the data item corresponding to that concept being missing in a commer-
cial database. Results are robust to controlling for the document’s general level of textual (account-
ing) similarity by including the cosine similarity. In Columns 5 to 8, we find that our results are
robust when limiting the sample to data items where the firm is reporting a value in a specific year
(i.e., the tag mapped to the data item is used in the report). To gauge economic significance, a one
standard-deviation increase in CBS is associated with a 0.19 to 1.71 percentage-point reduction in
the probability of a missing item, depending on the specification. This effect corresponds to ap-
proximately 1,240 to 11,132 fewer missing observations for an average data item in the databases.
The CBS-Firm-Concept coefficients are virtually unchanged when we include firm-year fixed ef-
fects, control for accounting comparability, and test each database separately (see online appen-

dix).
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In Table 8 Panel B, we complement our baseline evidence by identifying concept-level char-
acteristics that reflect the extent to which concepts are unstandardized and the sources of variation.
We replicate our analysis by splitting data items according to concepts’ characteristics that we
predict to result in higher information processing costs and distinguishing between 1) concepts with
few (many) synonyms according to the number of terms within a concept, ii) concepts with a high
(low) textual similarity as measured by the average cosine similarity of the terms within a concept
and 1ii) concepts with a dominant (nondominant) term, as proxied by an Herfindal Hirschman
Index (HHI) based on the relative frequencies of each term within a concept. A concept is coded
as one (and zero otherwise) if it lies above (below) the respective median. Consistent with the
intuition that standardization plays a bigger role for concepts that are harder to process (i.e., where
more variation exists in the first place), we observe larger negative coefficients of CBS-Firm-Con-
cept for concepts with many synonyms, lower textual similarity, and no dominant term. The dif-
ference in coefficient is negative and statistically significant (p-value < 0.01) in five out of the six
splits/term list combinations.

Taken together, our data providers’ tests show that unstandardized terminology impedes data
collection, leading to a higher likelihood of missing observations in commercial databases, and

that these frictions intensify for concepts characterized by greater linguistic variation.

4.2.2. Al Data Analysts

In this section, we investigate whether unstandardized terminology represents a friction for
machines when processing accounting information. When selecting an appropriate AI model for
this task, we considered several alternatives. While specialized encoder-only models like BERT
could be fine-tuned for accounting terminology recognition, they require extensive task-specific
training and therefore can only perform specific tasks. Instead, we employ the most advanced large

language models (LLMs) from OpenAl, specifically GPT-40-mini and GPT-5-mini. Unlike
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encoder-only architectures, a decoder-only model like GPT can handle diverse tasks without ex-
tensive fine-tuning and pre-training (Levy, 2025; de Kok, 2025).

To conduct our investigation, we task GPT with identifying accounting items in firms’ finan-
cial statements and mapping them to data items in Compustat and Worldscope, essentially mim-
icking the job of a data analyst. Our approach mirrors Shaffer and Wang (2025), who test GPT’s
ability to perform human tasks in the context of core earnings estimation. To closely resemble the
task of a data analyst, we provide GPT with a large sample of real-world financial statements. We
restrict this analysis to iXBRL filings, as their structure allows us to precisely identify the human-
readable label associated with a specific tag.

We prompt GPT with the line items’ information for one filing at a time and ask it to match
them to the corresponding accounting data item in Compustat or Worldscope. As prompting influ-
ences GPT’s ability to perform tasks (Levy, 2025; Shaffer and Wang, 2025), we develop six dif-
ferent prompts with variation along two dimensions ordered by increasing task complexity: (1)
context, 1.e., whether we only provide the list of line items for which there is a match (items only),
the list of line items to match underneath the financial statement in which they appear (items with
financial statement context), or only the financial statement (financial statement only); and (2) the
matching scope, i.e., whether we provide the complete list of the database’s data items (full) or the
selected list of data items for which we know that a match exists (select). In Appendix D, we
provide examples of the six possible prompts, with differences across prompts shown in blue. We
then measure the error rate of GPT in matching the correct financial statement item to the corre-
sponding database’s data item. The different prompts allow us to gauge GPT’s ability to identify
accounting items across a spectrum of tasks, ranging from simplified to more realistic ones.

In addition to the CBS-Firm-Concept computed within the sample of iXBRL reports, we take

advantage of the nature of the technology we are dealing with and compute three additional
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measures of standardization.?’ These additional proxies aim at capturing what GPT would identify
as the standard term within a concept and build on three core characteristics of LLMs: they are
trained on massive text corpora, represent linguistic units in high-dimensional vector spaces, and
generate text by predicting the most likely next token given its context. First, we expect that the
frequency of appearance of the term within the training corpus will influence GPT’s ability to
recognize it as a synonym. As we do not have access to OpenAl’s underlying training corpus, we
construct a measure of the frequency of a term within a concept based on the iXBRL corpus as a
proxy.?! We label this measure Relative Frequency. Second, we compute the cosine similarity of
each term to other terms within the same concept’s vector space representation of OpenAl’s text-
embedding-3-large model. The idea behind this proxy is that concepts with a lower average cosine
similarity contain terms whose vector space representation is farther apart, suggesting a lower
likelihood of appearance in a similar context relative to other terms within the same concept. We
refer to this proxy as Embedding Similarity. Third, we apply a masking approach. We provide GPT
with financial statements from our iXBRL sample and mask one specific line item at a time. Sub-
sequently, we ask GPT to estimate the probability that the term the firm uses for the masked line
item is contextually appropriate within the statement. These probabilities reflect GPT’s contextual
judgment of how “natural” the term appears within the statement. We then use them to construct
a measure which we label GPT Masking Prediction.

We then run the following regression model:

20 The CBS calculation follows the approach outlined in Section 4.2.1, with one modification: instead of constructing
the reference group within industry-year, we pool all firms in the iXBRL sample, regardless of the industry. Given the
relatively short timeframe covered by our data, further splitting observations into smaller industry-year groups would
leave too few peers for comparison. In untabulated results, we compute the CBS within industry and show that this
alternative specification yields virtually unchanged inferences.

2l Levy and Wang (2024) and Levy (2025) suggest that GPT is most likely not trained on financial corpora. The
assumption in using our specialized corpus to proxy for the frequency of terms in the OpenAl training corpus is that,
while not directly trained on it, the frequencies in our corpus are reflected in the more general content on which GPT’s
training occurs.
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Error 4 = B, +B, Standardization,+ z B, Controls + z B Fixed Effects, (2)

where the dependent variable is the Error, an indicator variable capturing whether GPT failed to
identify the relevant term for data item / in filing f for database d, and the main explanatory variable
is one of the standardization measures outlined above for term / in filing 72> We control for two
task characteristics that may affect GPT’s information acquisition: the number of data items it must
match N (Data Items) and the textual cosine similarity between the term the firm is using and the
data item name in the database (Pair Similarity). N (Data Items) accounts for the increasing diffi-
culty of matching as the number of possible pairs grows.?® Pair Similarity captures the lexical
similarity between terms in the financial statements and the data item name in the respective data-
base. Higher similarity indicates greater textual overlap, which mechanically increases the proba-
bility of correct matching, even without deeper semantic understanding. Additionally, our experi-
mental design allows us to include concept-fixed effects to account for systematic differences in
matching difficulty across accounting concepts, database fixed effects to account for differences
across data providers, firm, and year fixed effects, where the latter two control for firm’s time-
invariant reporting characteristics and time trends, respectively.

Table 9 reports descriptive statistics for all the variables used in our tests across the six
possible prompts. The average Error is between 1 percent and 12 percent in the Selecting Matching
specifications. In these specifications, GPT is provided with the firm’s line items, along with a
subset of database items that can be matched to the financial statements. By contrast, the error rate
in the Full Matching specifications is substantially higher, ranging from 11 percent to 34 percent,

where GPT is tasked with choosing from the entire set of variables available in the respective

22 We treat every filing as an independent observation, as we do not provide GPT with information about the company
or time, and each filing represents a new prompt.

23 The probability of correct random matching decreases exponentially, following a 1/n! distribution (where n is the
number of terms). For example, with just two terms, random guessing yields a 50% success rate, but this random
chance drops sharply when introducing more terms. In our test, we require at least five terms, which reduces the
probability of a correct match by chance to 0.83%.
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database and financial statements. These statistics indicate that mistakes occur even under the most
simplified task, when we instruct GPT to perform a one-to-one matching (select matching with no
context). In addition, the substantially higher error rates we observe for the prompts that more
closely resemble the task of a data analyst, i.e., the Full Matching ones, suggest that GPT is still
incapable of handling more complex tasks that replicate the job of a human. While unstandardized
terminology may contribute to errors in our Full Matching prompts, other factors related to the
underlying functioning of GPT are also likely to drive these errors (e.g., the needle in the haystack
problem). For this reason, to be conservative, we restrict the reporting of our regression analyses
to the Selected Matching prompts, i.e., the setting in which GPT performs best. When it comes to
the standardization measure, the mean CBS-Firm-Concept is 40 percent, in line with what we ob-
serve in the data analysts’ tests. All standardization measures indicate that, on average, it is possi-
ble to identify a standard term within a concept. Relative Frequency suggests that the relative fre-
quency of a term within a concept is, on average, 37 percent. The Embedding Similarity measure
is on average 67 percent, indicating a high embedding similarity within a concept. The mean GPT
Masking Prediction is 87 percent, indicating that GPT assigns, on average, an 87% likelihood that
the firm’s actual label is contextually appropriate when evaluated in its masked statement context.

Table 10 reports the results from estimating Equation 2 for our Selected Matching specifi-
cations. Panels A, B, and C display estimates for the three prompting variations along the “context”
dimension. For each panel, we report results using both GPT 40-mini and 5-mini.>* Across all the
different standardization proxies and under a restrictive set of fixed effects, we consistently ob-
serve negative, statistically significant coefficients, demonstrating that unstandardized terminol-

ogy represents a friction also for GPT. For example, using our main measure (CBS-Firm-Concept)

24 These estimations use a temperature of 1 as at the time of conducting our analysis; GPT-5 models do not allow for
a zero temperature. We can run GPT-40 with a temperature of 0, and the coefficients are almost identical. In addition,
we also provide results for GPT-5-nano. We report these regressions in the online appendix.
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in Panel A, a one standard-deviation increase in standardization is associated with a 0.58 percent-
age point reduction in errors for GPT-40-mini and 0.65 for GPT-5-mini, representing approxi-
mately 27 percent to 45 percent of the baseline error rate of 1 percent to 2 percent in this simplified
task. Panel C exhibits the largest coefficient magnitudes—approximately three times those ob-
served in the other panels. This panel reports results for the Financial Statement Only prompt,
which best mirrors a data analyst’s task by providing GPT with raw financial statements and a list
of database items that can be mapped to individual line items but without any explicit hints as to
which line items have a match (in contrast to Panels A and B). Among the proxies and across all
panels, Embedding Similarity consistently exhibits the largest coefficient magnitudes, suggesting
that synonyms that are more likely to appear in the same context within GPT’s training corpus and
therefore yield a higher embedding similarity are easier for the model to process.? This pattern is
consistent with the architecture of GPT, where linguistic units are represented through high-di-
mensional vector spaces based on the context in which they appear. The coefficients of the task
characteristics controls are also significant and comport with our expectations.

Overall, our results show that, when tasked with identifying relevant accounting infor-
mation, even in simplified matching tasks, LLMs still cannot fully undo the complexity introduced
by unstandardized terminology without further domain-specific fine-tuning. We deliberately use
base models rather than fine-tuned versions for two reasons. First, fine-tuning introduces research-
ers’ degrees of freedom that could hamper the generalizability of our findings (different fine-tuning
approaches, datasets, and hyperparameters could yield vastly different results), impeding isolation

of the effect of terminology standardization itself. Second, by documenting base model

25 One potential concern is that the strong association between Embedding Similarity and the error rate may in part
reflect mechanical similarity, since both measures rely on models from the same OpenAl and likely share overlapping
training corpora. While text-embedding-3-large is not the underlying embedding layer of GPT, the two representations
may be closely related. To address this concern, we replicate our analysis in untabulated results using FinBERT em-
beddings, a domain-specific model trained independently of GPT, and obtain qualitatively similar results, suggesting
that our inference is not solely driven by model-related bias.
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performance, we establish a benchmark that reveals the magnitude of the terminology standardi-
zation problem that fine-tuning would need to overcome.?®
4.2.3. Financial Analysts

In the last step of our analyses, we study whether unstandardized terminology represents a
friction for financial analysts. We examine the association between the level of terminology stand-
ardization and analysts’ coverage and the properties of their forecasts—accuracy and dispersion—
as measures of information processing cost (e.g., De Franco et al., 2011; Peterson et al., 2015).
This setting comes at the cost of losing the direct mapping between our measure and outcome (i.e.,
we do not observe the analyst’s output at the concept level); instead, we capture the output of the
complete process of information collection, processing, and forecast production by an analyst for
a firm year. Yet it equips us with established proxies for outcome variables and provides detailed
information on an individual analyst’s portfolio, enabling us to investigate whether standardization
is more beneficial for less experienced analysts (capturing the notion that unstandardized termi-
nology poses a greater challenge for users with less expertise) and whether the extent that firms
standardize within an individual user’s portfolio matters most (reflecting that what is relevant for
a given user is standardization toward that user’s reference group). To conduct our tests, we obtain
information on consensus and individual analysts’ EPS estimates from the unadjusted summary
and detail files in the I/B/E/S database through WRDS. We merge this data with information on

price and adjustment factors from Datastream. We adjust firms’ actuals to account for stock splits

26 Indeed, major database providers are investing substantial resources in developing domain-specific models. Wu et
al. (2023) report that BloombergGPT, a 50-billion parameter model, was trained on a 363 billion token dataset based
on Bloomberg’s extensive data sources augmented with 345 billion tokens from general purpose datasets. Yet even
these well-resourced efforts face fundamental limitations: fine-tuned models might suffer from catastrophic forgetting,
where the model loses essential knowledge acquired during pretraining (Kirkpatrick et al., 2017; Luo et al., 2025).
Our base model results thus identify the fundamental linguistic challenge that persists, even before considering the
complexities and costs of fine-tuning.
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(Payne and Thomas, 2003) and calculate the mean accuracy and dispersion at the firm-year level
based on the mean forecast of each analyst.?’

We then run the following regression model at the firm-year level for our top-down and bot-
tom-up lists, respectively:

Coverage/Accuracy/Dispersion, =

B,+B, CBS—Firmi,tJrz B, Controls + Z B,Fixed Effects, (3)

where for firm 7 in year ¢, the dependent variable is either Coverage, the natural logarithm of the
number of analysts following a firm, Accuracy, the absolute value of the mean forecast error before
the earnings announcement scaled by lag price and multiplied by -100, or Dispersion, the standard
deviation of analysts’ mean forecast error scaled by price and multiplied by 100. The main explan-
atory variable is the average CBS at the firm-year level computed as the average of the CBS across
all concepts and firms within the same industry (see Appendix C for details). We control for firm
characteristics shown to affect coverage and the properties of analysts’ forecasts (De Franco et al.,
2011): Size (log market value), Loss (NI), whether the firm’s earnings are below the reported earn-
ings a year ago (Neg. Earnings), unexpected earnings (Unexp. Earnings), earnings and return vol-
atility, and the general level of accounting language similarity by including the cosine similarity.
We also include firm and year fixed effects and cluster our standard errors at the firm level. If
unstandardized terminology increases financial analysts’ information processing costs, we expect
to observe a positive association between our measure of standardization and coverage and accu-
racy. Conversely, the CBS should be negatively associated with dispersion.

We then exploit the granularity of individual analysts’ forecasts in the I/B/E/S detail file to

further explore whether (i) standardization is more beneficial for less experienced analysts (those

27 We follow the procedure illustrated as Method 3 in the dedicated WRDS guide to make the adjustments
(https://wrds-www.wharton.upenn.edu/documents/5/A_Note on_IBES Unadjusted Data_pdf.pdf). We rely on
Datastream instead of CRSP as our sample encompasses international firms.
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who have been following the firm for a shorter period) and (i1) the standardization that matters to
an individual analyst is the one toward that person’s own reference group. In this setting, we posit
that an individual financial analyst would benefit more from a focal firm standardizing its termi-
nology toward the other firms within that analyst’s portfolio (rather than all other firms in the
industry). Here, we fully leverage the granularity of the analysts’ data and calculate a version of
our CBS (and cosine) for each analyst-firm-year combination at the individual analyst’s portfolio
level, i.e., employing as a peer group all the other firms within the focal analyst’s portfolio (CBS-
Firm-Analyst). This approach allows us to estimate a model with the strictest fixed effects possible
(i.e., firm-year fixed effects), basically enabling us to control for any time-variant characteristic of
a firm. In this second set of tests, we predict our CBS-Firm-Analyst measure to be positively as-
sociated with accuracy.

Accuracy, =

B+, CBS-Firm-Analyst,  + " B, Controls + " f,Fixed Effects, (4

where for each firm i, year ¢, and analyst a observation, the dependent variable is Accuracy, the
absolute value of the analyst’s mean forecast error before the earnings announcement scaled by lag
price and multiplied by -100. The main explanatory variable is the average CBS at the firm-year-
analyst level. We control for firm characteristics that may affect the properties of analysts’ fore-
casts. We also include firm, year, and analyst fixed effects and cluster standard errors at the firm
level. To assess whether our results reflect within-analyst portfolio effects, we create a placebo
version of the CBS-Firm-Analyst measure. Specifically, for each firm-year-analyst observation,
we randomly assign the CBS-Firm-Analyst value computed on the basis of a different analyst’s
portfolio (covering the same focal firm in the same year) in place of the actual analyst’s portfolio-

based measure.
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Table 11 reports the descriptive statistics for all the variables used in the financial analysts’
tests. Panels A and B provide statistics for the summary and detail files for our main sample and
top-down (bottom-up) lists, respectively. On average, seven analysts cover our sample firms on a
firm-year basis. The mean forecast accuracy for our main sample is 3.79 percent of the share price,
and the mean dispersion is 4.90 percent of the share price. The average CBS-Firm is on average
64 percent. Table 12 Panel A Columns 1 to 3 (4 to 6) display the coefficients for estimating Equa-
tion 3 for our top-down (bottom-up) lists. The average CBS for a firm is positively associated with
analysts’ coverage and forecast accuracy and negatively associated with their dispersion. These
associations are significant across all specifications. Specifically, these coefficients imply that a
one standard deviation change in the CBS-Firm increases Coverage by 1.4 (0.8) percent, increases
accuracy by 0.28 (0.19) percentage points, and decreases dispersion by 0.19 (0.16) percentage
points, depending on whether we use the top-down (bottom-up) list to compute our standardization
measure.

Table 12 Panel B presents the results that leverage the detail file. Columns 1 and 2 (5 and 6)
display the coefficients for estimating Equation 3 separately for more versus less experienced an-
alysts, where the CBS is computed using our top-down (bottom-up) list. The magnitude and sta-
tistical significance of the CBS coefficients indicate that standardization is particularly beneficial
for analysts who are newer to the firm and therefore have higher information processing costs.
Columns 3 and 4 (7 and 8) report the results for estimating Equation 4 at the individual analyst
level, comparing the placebo CBS-Firm-Analyst measure (“outside” portfolio) with the true
within-portfolio CBS. We observe a larger and statistically significant coefficient for the CBS
computed within the analysts’ portfolio, while the placebo measure shows no significant associa-
tion. Taken together, our findings consistently show that terminology standardization is associated
with higher coverage and improved analysts’ forecast properties, consistent with the idea that it

reduces information processing costs. Our granular evidence indicates that these benefits are
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driven primarily by less experienced analysts and by the extent of standardization within their
portfolios, highlighting that the benefits of standardization depend on users’ expertise and refer-
ence group.

5. Conclusions

Ninety years after Preinreich’s seminal address lauding the “benefits from a standardization of
accounting terminology,” we provide the first evidence on the magnitude of unstandardized ac-
counting terminology in reporting practice and its implications for users’ information processing
costs. We document considerable variation in firms’ usage of accounting terms that relate to the
same accounting concept, i.e., in synonyms or differing labels in higher n-gram terms. This varia-
tion has economic consequences for users; i.e., they need to understand highly technical and com-
plex terms and cope with meaningful ambiguities about whether, in a given context, differing
terms capture the same economic transactions (similar to the challenges we faced as researchers
in dealing with and defending our concept lists). These costs add up when processing accounting
information. We show that variation in technical terms hinders even the most sophisticated users
studied in the literature (data, Al, and financial analysts).

While our study has clear messages for regulators, standard setters, and reporting entities about
the consequences of word choices in disclosure regulation and reporting practice, it does not speak
to the costs of standardization. We do not expect that standardizing terms would lead to infor-
mation loss per se (i.e., not accurately reflect the economics), but we recognize that it will generate
adjustment costs for preparers and users unaccustomed to a standard term or in settings where
there is less institutional fit. Therefore, as with any language, the “language of business” continues
to evolve, and standardization in accounting terminology continues to remain an ideal rather than

a reality.
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TABLE 1

Lab Experiment

Panel A: All Statements

More Standardized Less Standardized Difference t-stat p-value
Mean Time 12.081 16.009 -3.929%*%** -7.461 0.000
Std 12.159 16.073
Obs 1,440 1,480
Mean Error 0.106 0.270 -0.165%** -11.677 0.000
Std 0.307 0.444
Obs 1,440 1,480
Panel B: Income Statement

More Standardized Less Standardized Difference t-stat p-value
Mean Time 16.440 20.200 -3.760%** -2.991 0.003
Std 17.553 21.062
Obs 468 481
Mean Error 0.152 0.301 -0.150%** -5.603 0.000
Std 0.359 0.459
Obs 468 481
Panel C: Balance Sheet - Asset Side

More Standardized Less Standardized Difference t-stat p-value
Mean Time 8.401 10.892 -2.490%*** -4.481 0.000
Std 5.843 8.900
Obs 360 370
Mean Error 0.061 0.162 -0.101*** -4.398 0.000
Std 0.240 0.369
Obs 360 370
Panel D: Balance Sheet - Liabilities and Equity Side

More Standardized Less Standardized Difference t-stat p-value
Mean Time 10.912 15.815 -4.904*** -7.561 0.000
Std 8.292 13.925
Obs 612 629
Mean Error 0.096 0.310 -0.214%** -9.718 0.000
StdDev 0.295 0.463
Obs 612 629
Panel E: All Statements — Excluding terms corresponding to data item names

More Standardized Less Standardized Difference t-stat p-value
Mean Time 12.434 16.233 -3.799%** -6.735 0.000
StdDev 12.73 16.199
Obs 1,188 1,443
Mean Error 0.114 0.275 -0.161*** -10.741 0.000
StdDev 0.319 0.447
Obs 1,188 1,443
Panel F: Within Student

More Standardized Less Standardized Difference t-stat p-value
Mean Time 12.192 16.204 -4.013%%* -5.121 0.000
StdDev 4.186 4.632
Obs 57 57
Mean Error 0.105 0.245 -0.140%** -5.865 0.000
StdDev 0.147 0.167
Obs 57 57

Table 1 reports the results of the experiment described in Section 2. Panel A displays results for all financial statements, Panel B,
C, and D report them separately for the Income Statement, the Asset Side, and the Liabilities and Equity Side. Panel E replicates
the results in Panel A, excluding those observations where the data item name corresponds to the term displayed in the financial
statement. Panel F presents the results for a within-student specification. Mean Time is the average time in seconds a participant
spent on an individual question. Mean Error represents the average error rate for an individual question.
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TABLE 2

Accounting Thesaurus: Term Lists

Panel A: Top-Down

Source Terms Avg. 1-Gram 2-Gram 3-Gram 4-Gram 5-Gram > 5-Gram
N-Gram
Dictionaries 20,492 3.42 214 7,252 5,515 3,247 1,938 2,326
Panel B: Bottom-Up
Avg.
Source Terms 1-Gram 2-Gram 3-Gram 4-Gram 5-Gram > 5-Gram
N-Gram
10-Ks 43,484 4.89 97 4,306 7,357 8,905 7,891 14,928
20-Fs 19,615 4.69 72 2,682 3,650 3,973 3,143 6,095

Table 2 reports statistics on our term lists. Panel A and B present summary statistics for our top-down and bottom-up term lists,
including the number of terms, average n-gram length, and frequency distribution across n-gram sizes.
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TABLE 3

Accounting Thesaurus: Concept Lists

Panel A: Top-Down

Concept Characteristics

Concept Statistics Size Textual Similarity Concentration
Source Concepts Mean Std Q1 Median Q3 | Mean Std Q1 Median Q3 Mean Std Q1 Median Q3
Dictionaries 964 5.36 271 4.00 5 6 0.78 0.11  0.71 0.79 0.85 0.58 023 0.39 0.54 0.77
Panel B: Bottom-Up

Concept Characteristics

Concept Statistics Size Textual Similarity Concentration
Source Concepts Mean Std Q1 Median Q3 | Mean Std Q1 Median Q3 Mean Std Q1 Median Q3
10-Ks 4,166 12.01 18.78  3.00 5 12 0.86 0.08 0.82 0.87 0.92 0.54 027  0.32 0.52 0.77
20-Fs 1,989 10.79 1221 3.00 7 13 0.82 0.09 0.77 0.83 0.88 0.56 026 0.34 0.52 0.79

Table 3 reports statistics on our concept lists. Panel A and B present summary statistics for our top-down and bottom-up concept lists, including the number of concepts, synonyms, and
descriptives on concepts’ size, textual similarity within a concept as proxied by the cosine similarity of the synonyms within the concept, and concentration as proxied by the Herfindahl-
Hirschman Index computed using the frequency distribution of the terms within a concept.
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TABLE 4

Annual Reports: Sample Selection and Composition

Panel A: Sample Selection (Non-US Firms)

Obs Firms

Non-US PDF annual reports in Perfect Information 246,394 29,174
Less: Reports outside 2000-2019 (8,347) (199)
Less: No identifier in Worldscope (7,330) 0
Less: Reports with less than 1% percentile unique accounting terms (3,010) (163)
Less: Countries with less than 100 reports (1,185) (281)

Non-US Sample 226,522 28,531

Panel B: Sample Selection (US Firms)

EDGAR SEC 10-K Universe 197,283 14,243
Less: Observations outside 2000-2019 (41,706) (1,824)
Less: No Compustat match on filing date (59,523) (454)
Less: Reports with less than 1% percentile unique accounting terms (958) (20)

US Sample 95,096 11,945

Panel C: Sample Selection (Non-US cross-listed Firms)

EDGAR SEC 20-F Universe 19,105 2,109
Less: Observations outside 2000-2019 (4,837) (574)
Less: No Compustat match on filing date (7,895) (743)
Less: Reports with less than 1% percentile unique accounting terms (583) (22)

Non-US cross-listed Sample 5,790 770

Panel D: Sample Selection AI Analyst (iXBRL)

EDGAR SEC 10-K Universe 30,556 6,001
Less: No Compustat match on filing date (8,316) (1,012)
Less: Reports with less than 1% percentile unique accounting terms (228) (42)
Less: Reports with no parsed financial statement (112) (16)

iXBRL Sample with parsed Financial Statements (FS) 21,900 4,931
Less: Malformatted financial statements (857) (130)
Less: FS with duplicated tags, terms or database matches (7,408) (1,134)
Less: FS with less than five matches to accounting databases (159) (23)
Less: FS not matched to Worldscope and Compustat (252) 39)
Less: Reports with only a single financial statement (10,849) (2,704)

Al Analyst Sample 2,375 901

Table 4 provides details on our sample selection steps and sample composition as described in Section 3.2. Panel A and B report
on our main sample. Panel C presents our 20-F sample of Non-US cross listed firms. Panel D reports on our iXBRL sample.
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TABLE 5

Accounting Terms and Concepts within Annual Reports

Panel A: Top-Down

Term Frequency Unique Terms Unique Concepts
Source Obs Mean Std Q1 Median Q3 Mean Std Q1 Median Q3 Mean Std Q1 Median Q3
Dictionaries 310,970 1,850.67 1,441.43 911 1,597 2,483 | 482.41 24845 331 483 638 | 200.44 68.08 168 210 246
Panel B: Bottom-Up

Term Frequency Unique Terms Unique Concepts
Source Obs Mean Std Q1 Median Q3 Mean Std Q1 Median Q3 Mean Std Q1 Median Q3
10-Ks 304,692 1,504.79 1,258.53 670 1,223 2,028 | 456.70 27777 265 414 615 | 414.04 21396 271 399 547
20-Fs 302,976 1,417.29 1,076.94 697 1,229 1,890 | 42427  211.00 288 424 557 | 350.32  150.12 264 358 448

Table 5 reports statistics on the frequency of terms, unique terms, and unique concepts at the annual report level for our main sample and top-down and bottom-up lists, respectively.
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TABLE 6

Most Common Terms and Concepts in Reporting Practice

Panel A: 25 Most Common Terms

Top-Down (Dictionaries)

Bottom-Up (10-Ks)

Bottom-Up (20-Fs)

Rank Term Frequency Obs Term Frequency  Obs Term Frequency Obs
1 Financial Statements 10,835,259 283,241 Financial Statements 13,684,688 284,211 Cons"hdatefniii‘mcm State- 7043474 248437
2 Annual Reports 8,814,596 272,960 | Consolidated Financial Statements 7,860,468 248,654 Common Stock 6,130,434 117,321
Consolidated Financial 7,872,624 248,637 Cash Flow 4,552,243 282,530 Recognized 6,010,578 144,215
Statements
4 Common Stock 6,262,972 117,346 Financial Assets 3,842,704 188,700 Board Of Director 5,913,246 273,993
5 Board Of Director 5,912,494 273,954 Balance Sheet 3,738,758 257,871 Cash Flow 4,483,412 282,554
6 Financial Year 4,962,129 159,206 Common Stock 3,583,063 113,562 Balance Sheet 3,734,189 259,237
7 Cash Flow 4,411,690 283,291 Fiscal Year 3,561,887 150,780 Interest Rate 3,153,620 250,226
8 Income Tax 3,619,149 262,564 Interest Rate 2,889,228 249,190 Income Tax 2,821,622 259,851
9 Fiscal Year 3,605,324 151,378 Results Of Operation 2,784,930 168,357 Per Share 2,646,455 263,589
10 Interest Rate 3,067,645 249,768 Risk Management 2,695,865 199,619 Real Estate 2,362,899 127,037
11 Financial Assets 3,015,513 188,912 Per Share 2,458,576 259,287 Financial Instrument 2,172,744 234,142
12 Results Of Operation 2,817,958 166,648 Financial Instrument 2,378,323 235,683 Financial Asset 2,159,680 161,986
13 Audit Committee 2,759,665 215,544 Income Tax 2,292,198 260,447 Risk Management 2,103,648 185,234
14 Corporate Governance 2,685,632 231,806 Ordinary Share 2,153,910 124,788 Accounting Standard 1,984,103 256,218
15 Company Act 2,417,500 113,324 Assets And Liabilities 2,085,639 267,118 Net Income 1,824,459 143,717
16 Financial Instruments 2,387,903 238,406 Cash And Cash Equivalents 1,901,378 249,057 | Cash And Cash Equivalents 1,805,323 248,931
17 Cash And Cash Equivalents 2,353,404 252,787 Accounting Standards 1,900,774 255,359 Joint Venture 1,784,050 155,893
18 Balance Sheet 2,341,674 248,789 Accounting Policies 1,885,078 254,808 Assets And Liabilities 1,777,297 261,034
19 Stock Option 2,281,183 141,509 Joint Venture 1,883,061 160,980 Intangible Assets 1,684,445 195,874
20 Ordinary Shares 2,276,467 125,456 Impairment Loss 1,765,309 196,753 Natural Gas 1,681,254 43,861
21 Net Income 2,154,427 149,969 Credit Risk 1,612,344 201,202 Deferred Tax Asset 1,639,424 237,439
22 Non-Executive Director 2,135,152 125,546 Income Statement 1,601,288 138,414 Ordinary Share 1,589,687 120,575
23 Profit Or Loss 2,085,174 139,105 Deferred Tax Asset 1,553,110 234,875 Preferred Stock 1,571,458 84,742
24 Risk Management 2,035,548 186,387 Net Income 1,533,473 140,690 Accounting Policy 1,547,944 252,417
25 Intangible Asset 2,020,699 203,283 Intangible Asset 1,521,010 196,182 Impairment Loss 1,489,475 195,298




TABLE 6 (continued)

Panel B: 5 Most Common Concepts for Top-Down

Income Statement Concepts

Balance Sheet Concepts

Rank Term Frequency Obs Term Frequency Obs
1 Concept: Results Of Operation 8,937,013 282,121 Concept: Common Stock 12,904,950 283,968
Results Of Operation 2,817,958 166,648 Common Stock 6,262,972 117,346
Net Income 2,154,427 149,969 Ordinary Share 2,276,467 125,456
Net Loss 1,249,233 155,683 Common Share 1,456,771 112,301
All Other Terms (N: 16) 2,715,395 All Other Terms (N: 7) 2,908,740

2 Concept: Income Tax 5,107,326 269,218 Concept: Defer Tax Asset 4,073,562 260,425
Income Tax 3,619,149 262,564 Deferred Tax Asset 1,777,218 238,738
Income Tax Expense 518,573 139,330 Deferred Tax 1,188,549 209,951
Tax Expense 367,765 136,722 Deferred Tax Liability 600,603 187,949

All Other Terms (N: 5) 601,839 All Other Terms (N: 5) 507,192
3 Concept: Net Sale 3,009,315 224,379 Concept: Net Asset 3,012,120 277,541
Net Sale 1,160,021 78,910 Net Asset 966,969 197,834
Total Revenue 628,335 133,151 Shareholder’s Equity 813,682 122,794
Net Revenue 443,929 44,252 Stockholder’s Equity 496,155 71,016

All Other Terms (N: 8) 777,030 All Other Terms (N: 17) 735,314
4 Concept: Operating Result 2,980,365 249,753 Concept: Cash And Cash Equivalent 2,988,861 267,928
Operating Result 1,061,948 168,767 Cash And Cash Equivalent 2,353,404 252,787
Operating Income 731,695 96,421 Bank Balance 304,319 76,942
Operating Profit 661,738 110,291 Cash Balance 210,194 97,889

All Other Terms (N: 7) 524,984 All Other Terms (N: 3) 120,944
5 Concept: Interest Expense 2,772,014 261,675 Concept: Trade Receivable 2,923,105 255,799
Interest Expense 1,391,583 206,863 Trade Receivable 985,272 142,429
Financing Cost 561,768 127,009 Accounts Receivable 923,603 135,855
Borrowing Cost 462,378 112,961 Trade And Other Receivables 491,503 90,104

All Other Terms (N: 6) 356,285 All Other Terms (N: 19) 522,727
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TABLE 6 (continued)

Panel C: 5 Most Common Concepts for Bottom-Up (10-Ks)

Income Statement Concepts

Balance Sheet Concepts

Rank Term Frequency Obs Term Frequency Obs
1 Concept: Net Income 4,873,178 275,860 Concept: Common Stock 8,208,766 280,768
Net Income 1,533,473 140,690 Common Stock 3,583,063 113,562
Profit Loss 829,014 116,065 Ordinary Share 2,153,910 124,788
Net Profit 739,164 129,288 Share Capital 1,397,053 162,352
All Other Terms (N: 43) 1,771,527 All Other Terms (N: 13) 1,074,740

2 Concept: Net Sale 3,863,361 249,141 Concept: Net Asset 2,619,815 254,133
Net Sales 954,648 69,840 Net Asset 714,997 172,374
Net Revenue 390,176 42,389 Shareholder’s Equity 708,171 117,838
Operating Revenue 259,587 34,850 Stockholder’s Equity 427,350 67,827

All Other Terms (N: 53) 2,258,950 All Other Terms (N: 55) 769,297
3 Concept: Operate Profit 2,705,101 251,644 Concept: Cash And Cash Equivalent 2,574,854 269,301
Operating Profit 638,972 107,868 Cash And Cash Equivalents 1,901,378 249,057
Operating Income 636,095 91,554 Cash Balance 211,527 97,176
Operating Loss 264,912 96,894 Cash And Bank Balance 142,982 45,086

All Other Terms (N: 74) 1,165,122 All Other Terms (N: 28) 318,967
4 Concept: Income Tax Expense 2,614,973 254,386 Concept: Fix Asset 2,520,360 268,560
Income Tax Expense 500,075 140,625 Fixed Asset 1,106,211 138,569
Tax Benefit 354,785 96,166 Plant And Equipment 350,828 107,957
Tax Expense 329,340 127,052 Long Lived Asset 335,397 77,485

All Other Terms (N: 139) 1,430,773 All Other Terms (N: 94) 727,924
5 Concept: Rese;r:;‘t And Develop- 1,749,532 161,462 Concept: Trade Receivable 2,257,187 239,998
Research And Development 766,192 115,113 Trade Receivable 1,041,473 144,318
Product Development 313,286 87,183 Account Receivable 728,286 128,362
Research A“‘;glzzel"pmem Ex- 219,762 43,817 Trade Account Receivable 103,919 33,561

All Other Terms (N: 32) 450,292 All Other Terms (N: 61) 383,509
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TABLE 6 (continued)

Panel D: 5 Most Common Concepts for Bottom-Up (20-Fs)

Income Statement Concepts Balance Sheet Concepts
Rank Term Frequency Obs Term Frequency Obs
1 Concept: Net Income 7,507,858 285,490 Concept: Pmpeﬁ;’t‘a“t And Equip- 3,033,898 271,636
Net Income 1,824,459 143,717 Property Plant And Equipment 1,353,681 156,751
Net Loss 945,348 145,103 Fixed Asset 962,041 141,131
Profit Or Loss 944,348 138,356 Property And Equipment 420,603 71,225
All Other Terms (N: 66) 3,793,703 All Other Terms (N: 34) 1,197,573
2 Concept: Income Tax 5,969,135 279,178 Concept: Financial Position 3,674,205 282,482
Income Tax 2,821,622 259,851 Financial Position 1,461,080 265,329
Tax Benefit 548,446 106,757 Shareholder’s Equity 701,135 118,924
Income Tax Expense 455,271 134,534 Company Share 503,842 148,068
All Other Terms (N: 111) 2,143,796 All Other Terms (N: 37) 1,008,148

3 Concept: Operating Result 4,133,990 267,604 Concept: Term Loan 3,020,989 231,920
Operating Result 1,054,951 168,465 Term Loan 1,062,768 109,602
Operating Income 617,884 90,039 Long Term Debt 791,108 102,826
Operating Profit 531,736 93,917 Convertible Note 362,459 26,368

All Other Terms (N: 59) 1,929,419 All Other Terms (N: 68) 804,654
4 Concept: Net Sale 3,258,787 247,636 Concept: Market Value 2,905,949 255,844
Net Sale 1,057,567 77,037 Market Value 1,362,206 221,401
Net Revenue 431,326 43,506 Treasury Share 444,812 70,689
Operating Revenue 273,439 35,468 Acquisition Cost 405,074 106,153

All Other Terms (N: 37) 1,496,455 All Other Terms (N: 22) 693,857
5 Concept: Profit Or Loss 2,924,266 272,612 Concept: Cash And Cash Equivalent 2,586,396 267,800
Profit Or Loss 944,348 138,356 Cash And Cash Equivalent 1,805,323 248,931
Taxable Income 654,578 179,822 Cash Balance 214,299 97,458
Profit Before Tax 315,624 82,276 Cash And Bank Balance 143,545 44,972

All Other Terms (N: 101) 1,009,716 All Other Terms (N: 30) 423,229

Table 6 displays the most common terms and concepts in our main sample. Panel A presents the 25 most common terms by term list. Panels B, C, and D report the 5 most common concepts
for the income statement and balance sheet by concept list.
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TABLE 7

Data Analysts’ Test — Descriptive Statistics

Panel A: Top-Down - Sample: Main

Variable Obs Mean Std Min Q1 Median Q3 Max
Missing Item 19,606,919 0.15 0.35 0.00 0.00 0.00 0.00 1.00
CBS-Firm-Concept 19,606,919 0.60 0.27 0.00 0.40 0.62 0.83 1.00
Cosine Similarity 19,606,919 0.40 0.12 0.00 0.31 0.39 0.49 0.76
Size 19,606,919 19.09 2.44 0.18 17.31 19.07 20.85 31.92
Return on Asset 19,606,919 -0.08 0.51 -4.38 -0.03 0.02 0.06 0.32
Book-to-Market 19,606,919 0.80 1.10 -4.06 0.31 0.60 1.10 5.56
Leverage 19,606,919 0.25 0.27 0.00 0.04 0.19 0.36 1.80
Age 19,606,919 31.77 31.37 0.00 11.08 21.25 39.67 261.92
Loss (NI) 19,606,919 0.32 0.47 0.00 0.00 0.00 1.00 1.00
Panel B: Bottom-Up - Sample: Main

Variable Obs Mean Std Min Q1 Median Q3 Max
Missing Item 18,436,459 0.12 0.32 0.00 0.00 0.00 0.00 1.00
CBS-Firm-Concept 18,436,459 0.44 0.27 0.00 0.23 0.43 0.65 1.00
Cosine Similarity 18,436,459 0.42 0.10 0.00 0.36 0.43 0.49 0.70
Size 18,436,459 19.13 2.44 0.18 17.35 19.11 20.88 31.92
Return on Asset 18,436,459 -0.09 0.53 -4.38 -0.03 0.02 0.06 0.32
Book-to-Market 18,436,459 0.78 1.10 -4.06 0.30 0.59 1.08 5.56
Leverage 18,436,459 0.25 0.28 0.00 0.04 0.19 0.36 1.80
Age 18,436,459 31.43 31.22 0.00 11.00 21.00 39.00 261.92
Loss (NI) 18,436,459 0.32 0.47 0.00 0.00 0.00 1.00 1.00
Panel C: Bottom-Up - Sample: Has Tag (10-Ks)

Variable Obs Mean Std Min Q1 Median Q3 Max
Missing Item 1,641,194 0.04 0.19 0.00 0.00 0.00 0.00 1.00
CBS-Firm-Concept 1,641,194 0.45 0.26 0.00 0.26 0.44 0.65 1.00
Cosine Similarity 1,641,194 0.44 0.08 0.06 0.39 0.44 0.49 0.70
Size 1,641,194 20.17 2.48 2.03 18.50 20.43 21.90 27.90
Return on Asset 1,641,194 -0.18 0.74 -4.38 -0.08 0.02 0.06 0.32
Book-to-Market 1,641,194 0.43 0.91 -4.06 0.17 0.38 0.69 5.56
Leverage 1,641,194 0.30 0.34 0.00 0.04 0.23 0.41 1.80
Age 1,641,194 32.06 3145 0.00 12.75 22.17 36.17 234.92
Loss (NI) 1,641,194 0.38 0.48 0.00 0.00 0.00 1.00 1.00
Panel D: Bottom-Up - Sample: Has Tag (20-Fs)

Variable Obs Mean Std Min Q1 Median Q3 Max
Missing Item 13,535 0.08 0.27 0.00 0.00 0.00 0.00 1.00
CBS-Firm-Concept 13,535 0.42 0.27 0.00 0.21 0.40 0.61 1.00
Cosine Similarity 13,535 0.47 0.11 0.10 0.37 0.48 0.55 0.85
Size 13,535 22.15 2.56 13.21 20.46 22.71 24.08 26.35
Return on Asset 13,535 -0.07 0.40 -5.08 0.00 0.02 0.06 0.28
Book-to-Market 13,535 0.78 0.78 -1.22 0.33 0.63 1.07 4.41
Leverage 13,535 0.28 0.23 0.00 0.15 0.23 0.37 1.35
Age 13,535 49.15 41.11 1.00 20.58 32.67 68.50 241.92
Loss (NI) 13,535 0.26 0.44 0.00 0.00 0.00 1.00 1.00

Table 7 provides descriptive statistics for the variables used in the data analysts’ tests reported in Table 8. Panels A to D report
these statistics separately for the main sample, and has tag samples, where our textual measures are computed employing the
different term lists as indicated in the Panel title. All variables are defined in Appendix B



TABLE 8

Data Analyst Test — Regression Analyses

Panel A: Baseline

Dependent Variable: Missing Item
Term List: Top-Down Bottom-Up
Sample: Main Main (10-Ks) Has Tag (10-Ks) Has Tag (20-Fs)
Independent Variables: 1) 2) A3) “4) Q] 6) (@) (¢)]
CBS-Firm-Concept -0.007%** -0.008%** -0.025%%* -0.025%%* -0.026%** -0.026%** -0.064%** -0.064%**

(-9.164) (-9.654) (-29.667) (-29.869) (-13.820) (-13.800) (-3.945) (-3.934)
Cosine Similarity 0.018%** 0.022%** -0.040* -0.035

(5.331) (6.920) (-1.862) (-0.592)
Size -0.006*** -0.005%*%* -0.004*** 0.000

(-27.405) (-24.644) (-4.237) (-0.074)
Observations 19,606,919 19,606,919 18,436,459 18,436,459 1,641,194 1,641,194 13,535 13,535
Adj. R-Squared 0.370 0.372 0.293 0.296 0.292 0.310 0.439 0.434
Controls Y Y Y Y Y Y Y Y
Firm FE Y N Y N Y N Y N
Year FE Y N Y N Y N Y N
Firm-Year FE N Y N Y N Y N Y
Database FE Y Y Y Y Y Y Y Y
Concept FE Y Y Y Y Y Y Y Y
Clustering Firm Firm Firm Firm Firm Firm Firm Firm
Number of Concepts 231 231 132 132 132 132 84 84

Number Firm-Years 252,449 252,449 252,720 252,720 31,985 31,985 329 329




Panel B: Concepts Characteristics

Dependent Variable: Missing Item
Term List: Top-Down Bottom-Up (10-Ks)

. Number of Synonyms Textual Similarity Dominant Term Number of Synonyms Textual Similarity Dominant Term
Split Few Many High Low Yes No Few Many High Low Yes No
\ndependent Q) @ 3 @ ®) © @) ® © (10) an (12)
CBS-Firm- 0.033%**  -0.017%** -0.003**  -0.009*** 0.018%**  -0.008*** -0.002  -0.026%*** -0.011%**  -0.033*** -0.030%**  -0.023%**
Concept (15.362)  (-19.219) (-2.491) (-7.821) (11.756) (-8.716) (-0.603)  (-31.591) (-7.564)  (-31.545) (-15.671)  (-24.381)
Cosine 0.018%**  0.019%** 0.042%**  -0.004 0.049%** 0.002 -0.005 0.022%** 0.021%%*  (0.022%** 0.040%**  (0.018%**
Similarity (3.202) (5.341) (10.461)  (-0.933) (10.392) (0.534) (-1.159) (7.040) (5.151) (6.478) (8.929) (5.215)
Size -0.005***  -0.007*** -0.006***  -0.006*** -0.008***  -0.006*** -0.002***  -0.006%** -0.006***  -0.005%** -0.003***  -0.006%**

(-15.657)  (-27.940) (-25.311)  (-24.320) (-26.715)  (-23.685) (-4.506)  (-24.846) (-20.555)  (-22.681) (-9.776)  (-25.809)
Difference 0.050%** 0.006%** 0.027%** 0.024%** 0.023*** -0.007%**
(P-Value) (P<0.01) (P<0.01) (P<0.01) (P<0.01) (P<0.01) (P <0.01)
Observations 3,840,966 15,766,518 9,650,123 9,957,396 6,385,700 13,221,841 803,902 17,633,899 5,673,421 12,764,776 3,295,079 15,143,103
Adj. R-Squared ~ 0.538 0.273 0.417 0.340 0.510 0.256 0.812 0.289 0.291 0.302 0.276 0.300
Controls Y Y Y Y Y Y Y Y Y Y Y Y
Firm FE Y Y Y Y Y Y Y Y Y Y Y Y
Year FE Y Y Y Y Y Y Y Y Y Y Y Y
Firm-Year FE N N N N N N N N N N N N
Database FE Y Y Y Y Y Y Y Y Y Y Y Y
Concept FE Y Y Y Y Y Y Y Y Y Y Y Y
g:)lg::z;rm()f Firm Firm Firm Firm Firm Firm Firm Firm Firm Firm Firm Firm
Clustering 97 134 157 74 99 132 10 122 52 80 27 105
Eﬁ?;g;fs 251,481 253,092 252,001 252,898 251,675 253,008 222,894 254,533 251,246 254,299 249,282 254,509

Table 8 reports the results of estimating Equation 1 for the association between terminology standardization and information processing costs for data analysts working at commercial
providers as described in Section 4.2.1. The outcome variable is Missing Item. CBS-Firm-Concept is the concept-firm-year level concept-based standardization for each concept used in this
analysis. Controls include Cosine Similarity, which measures the textual similarity of the annual report to all other firms in the same industry and year, Size is proxied by Log Market Value,
and other controls include ROA, BTM, Leverage, Age, LossNI. Panel A presents the Baseline results. In Panel B, we provide some cross-sectional evidence based on Concept Characteristics.
All variables are defined in Appendix B. Columns are estimated on different subsamples as indicated at the top of each Column. T-statistics reported in parentheses are based on standard
errors clustered at the firm level. *, ** and *** indicate significance: * at the 10% level, ** at the 5% level and *** at the 1% level respectively.



TABLE 9

GPT Test — Descriptive Statistics

Panel A: Error Rate by Prompt Type

Variable Obs Mean Std Min Q1 Median Q3 Max
Errors - Matching Scope: Select
Items Only
Model: GPT-40-Mini 108,732 0.01 0.11 0.00  0.00 0.00 0.00 1.00
Model: GPT-5-Mini 108,732 0.02 0.15 0.00  0.00 0.00 0.00 1.00
Items with Financial Statement
Model: GPT-40-Mini 108,732 0.02 0.14 0.00  0.00 0.00 0.00 1.00
Model: GPT-5-Mini 108,732 0.01 0.10 0.00  0.00 0.00 0.00 1.00
Financial Statement Only
Model: GPT-40-Mini 108,732 0.12 0.32 0.00  0.00 0.00 0.00 1.00
Model: GPT-5-Mini 108,732 0.03 0.16 0.00  0.00 0.00 0.00 1.00
Errors - Matching Scope: Full
Items Only
Model: GPT-40-Mini 108,732 0.11 0.31 0.00  0.00 0.00 0.00 1.00
Model: GPT-5-Mini 108,732 0.12 0.33 0.00  0.00 0.00 0.00 1.00
Items with Financial Statement
Model: GPT-40-Mini 108,732 0.11 0.32 0.00  0.00 0.00 0.00 1.00
Model: GPT-5-Mini 108,732 0.11 0.31 0.00  0.00 0.00 0.00 1.00
Financial Statement Only
Model: GPT-40-Mini 108,732 0.33 0.47 0.00  0.00 0.00 1.00 1.00
Model: GPT-5-Mini 108,732 0.34 0.47 0.00  0.00 0.00 1.00 1.00
Panel B: Main Independent and Control Variables
CBS-Firm-Concept 108,732 0.40 0.34 0.00  0.07 0.35 0.76 1.00
Relative Frequency 108,732 0.37 0.33 0.00  0.06 0.29 0.73 1.00
Embedding Similarity 108,732 0.67 0.09 0.13 0.63 0.68 0.73 0.86
GPT Masking Prediction 108,732 0.87 0.14 0.00  0.85 0.90 0.95 1.00
Cosine Similarity 108,732 0.18 0.08 0.00 0.12 0.19 0.25 0.33
Pair Similarity 108,732 0.81 0.17 0.00 0.75 0.87 0.94 1.00
N (Data Items) 108,732 13.51 5.09 500  9.00 14.00 18.00  28.00

Table 9 reports the descriptive statistics for the analyses described in Section 4.2.2 and reported in Table 10.



TABLE 10

GPT Test — Regression Analyses

Panel A: Select Matching - Items Only

Dependent Variable: Error
GPT Model: 40-mini (Temperature: 1) 5-mini (Temperature: 1)
Standardization Proxy: CBS Relative Embedding GPT Masking CBS Relative Embedding GPT Masking
z Xy Firm-Concept Frequency Similarity Prediction Firm-Concept Frequency Similarity Prediction
Independent Variables: (€)) ?2) A3 “) Q) 6) (@) ®)
Standardization -0.017%** -0.019%** -0.256%** -0.021%** -0.019%** -0.021%** -0.286%** -0.010%**
(-4.936) (-5.015) (-8.030) (-3.660) (-5.388) (-5.165) (-9.249) (-5.144)
Cosine Similari 0.037 0.033 0.037 0.016 -0.043 -0.048* -0.044 -0.068%*
vy (1.601) (1.425) (1.585) (0.671) (-1.517) (-1.725) (-1.592) (-2.405)
Pair Similarit -0.028%** -0.025%** -0.024*** -0.031*** -0.024%** -0.019%** -0.019%** -0.027%%*
Y (-5.520) (-4.834) (-4.942) (-5.904) (-4.160) (-3.415) (-3.532) (-4.680)
0.001*** 0.00 1 *** 0.001*** 0.001*** 0.003*** 0.003%%** 0.003*** 0.003***
N (Data Items)
(3.428) (3.480) (3.768) 3.771) (6.401) (6.453) (6.699) (6.640)
Observations 108,732 108,732 108,732 108,732 108,732 108,732 108,732 108,732
Adj. R-Squared 0.080 0.080 0.086 0.080 0.062 0.062 0.066 0.062
Firm FE Y Y Y Y Y Y Y Y
Year FE Y Y Y Y Y Y Y Y
Database FE Y Y Y Y Y Y Y Y
Concept FE Y Y Y Y Y Y Y Y
Clustering Firm Firm Firm Firm Firm Firm Firm Firm
Number of Firm-Years 2,375 2,375 2,375 2,375 2,375 2,375 2,375 2,375




TABLE 10 (Continued)

Panel B: Select Matching - Items with Financial Statement

Dependent Variable:
GPT Model: 40-mini (Temperature: 1) 5-mini (Temperature: 1)
Standardization Proxy: CBS Relative Embedding GPT Masking CBS Relative Embedding GPT Masking
¥ Firm-Concept Frequency Similarity Prediction Firm-Concept Frequency Similarity Prediction
Independent Variables: 1) 2) A3 “4) Q) 6) (@) 3
Standardization -0.017%** -0.020%** -0.223%** -0.009 -0.017%** -0.018%** -0.186%** -0.008%**
(-4.624) (-5.031) (-7.603) (-1.613) (-5.795) (-5.318) (-7.505) (-5.640)
Cosine Similari 0.015 0.012 0.012 -0.008 0.030* 0.025 0.023 0.008
R (0.534) (0.439) (0.415) (-0.289) (1.679) (1.388) (1.262) (0.457)
P -0.027%** -0.023%** -0.023%** -0.030%** -0.012%** -0.009%* -0.010%** -0.015%**
Pair Similarity
(-4.880) (-4.095) (-4.369) (-5.296) (-3.496) (-2.458) (-2.979) (-4.288)
N (Data Ttems) 0.001%** 0.001*** 0.001*** 0.001*** 0.001*** 0.001*** 0.001*** 0.001***
(3.393) (3.422) (3.662) (3.609) (2.705) (2.770) (3.078) (3.030)
Observations 108,732 108,732 108,732 108,732 108,732 108,732 108,732 108,732
Adj. R-Squared 0.070 0.070 0.073 0.069 0.066 0.066 0.070 0.066
Firm FE Y Y Y Y Y Y Y Y
Year FE Y Y Y Y Y Y Y Y
Database FE Y Y Y Y Y Y Y Y
Concept FE Y Y Y Y Y Y Y Y
Clustering Firm Firm Firm Firm Firm Firm Firm Firm
Number of Firm-Years 2,375 2,375 2,375 2,375 2,375 2,375 2,375 2,375




TABLE 10 (Continued)

Panel C: Select Matching - Financial Statement Only

Dependent Variable: Error
GPT Model: 40-mini (Temperature: 1) 5-mini (Temperature: 1)
Standardization Proxy: CBS Relative Embedding GPT Masking CBS Relative Embedding GPT Masking
Y Firm-Concept Frequency Similarity Prediction Firm-Concept Frequency Similarity Prediction
Independent Variables: a ?2) A3) “4) Q)] 6) (@) (¢)]
Standardization -0.084%** -0.096%*** -0.793%** -0.060%** -0.047%%* -0.050%** -0.441%** -0.017%%*
(-10.256) (-10.174) (-15.666) (-5.752) (-9.805) (-9.011) (-10.412) (-6.961)
Cosine Similari -0.170%** -0.189%*** -0.219%** -0.285%** 0.061* 0.046 0.034 -0.001
vy (-2.916) (-3.265) (-3.854) (-4.990) (1.771) (1.346) (0.972) (-0.035)
Pair Similarit -0.204%** -0.184*** -0.195%** -0.217%%* -0.047%** -0.037*%* -0.042%%* -0.055%**
y (-13.120) (-11.926) (-13.496) (-14.544) (-6.596) (-5.230) (-6.178) (-7.893)
N (Data Ttems) 0.008*** 0.008*** 0.008*** 0.008*** 0.000 0.000 0.000 0.000
(9.425) (9.542) (10.166) (10.142) (-0.021) (0.100) (0.577) (0.515)
Observations 108,732 108,732 108,732 108,732 108,732 108,732 108,732 108,732
Adj. R-Squared 0.183 0.183 0.190 0.181 0.178 0.177 0.186 0.176
Firm FE Y Y Y Y Y Y Y Y
Year FE Y Y Y Y Y Y Y Y
Database FE Y Y Y Y Y Y Y Y
Concept FE Y Y Y Y Y Y Y Y
Clustering Firm Firm Firm Firm Firm Firm Firm Firm
Number of Firm-Years 2,375 2,375 2,375 2,375 2,375 2,375 2,375 2,375

Table 10 reports the results of estimating Equation 3 for the association between terminology standardization and information processing costs for Al analysts as described in Section 4.2.2.
The outcome variable is Error as indicated at the top of the Columns. Standardization is one of the standardization proxies as indicated at the top of each Column. Controls include Cosine
Similarity, Pair Similarity, and N (Data Items). All variables are defined in Appendix B. T-statistics reported in parentheses are based on robust standard errors. *, ** and *** indicate
significance: * at the 10% level, ** at the 5% level and *** at the 1% level respectively.



Financial Analysts — Descriptives

TABLE 11

Main Sample — Top-Down

Variable Obs Mean Std Min Q1 Median Q3 Max
Summary Files

Coverage 105,553 2.39 0.31 0.00 2.40 2.48 2.48 2.56
Accuracy 105,553 -3.79 1077 9798  -2.73 -0.98 -0.33 -0.01
Dispersion 105,553 4.90 10.79  -68.82 3.38 6.04 8.73 36.36
CBS-Firm 105,553 0.59 0.06 0.00 0.56 0.59 0.62 1.00
Cosine Similarity 105,553 0.30 0.09 0.00 0.25 0.29 0.35 0.67
Size 105,553 20.44 1.94 7.30 19.08 20.41 21.76 27.82
Loss (NI) 105,553 0.21 0.41 0.00 0.00 0.00 0.00 1.00
Neg. Earnings 105,553 0.42 0.49 0.00 0.00 0.00 1.00 1.00
Unexp. Earnings 105,553 5.07 66.96 0.00 0.01 0.05 0.39 2,401.51
Earnings Volatility 105,553 0.06 0.19 0.00 0.01 0.02 0.05 5.08
Return Volatility 105,553 0.18 0.43 0.04 0.08 0.12 0.16 5.59
Detailed Files

Accuracy 922,062 -2.16 4.95 -39.68  -1.88 -0.70 -0.24 0.00
CBS-Firm-Analyst (Within Portfolio) 922,062 0.70 0.07 0.00 0.67 0.71 0.74 1.00
CBS-Firm-Analyst (Outside Portfolio) 922,062 0.70 0.07 0.00 0.67 0.71 0.74 1.00
Cosine Analyst (Within Portfolio) 922,062 0.51 0.14 0.00 0.44 0.53 0.61 1.00
Cosine Analyst (Outside Portfolio) 922,062 0.51 0.14 0.00 0.44 0.53 0.61 1.00
Ln(Days) 922,062 4.51 1.10 0.00 4.01 4.72 5.31 5.90
Ln(Firms) 922,062 2.04 0.65 0.69 1.61 2.08 2.48 4.83
Main Sample — Bottom-Up

Variable Obs Mean Std Min Q1 Median Q3 Max
Summary Files

Coverage 106,143 2.39 0.31 0.00 2.40 2.48 2.48 2.56
Accuracy 106,143 -3.79 1076 9798  -2.74 -0.99 -0.33 -0.01
Dispersion 106,143 491 10.79  -68.82 3.39 6.05 8.75 36.36
CBS-Firm 106,143 0.50 0.06 0.00 0.46 0.49 0.53 1.00
Cosine Similarity 106,143 0.33 0.10 0.00 0.27 0.33 0.39 0.66
Size 106,143 20.44 1.94 7.30 19.08 20.41 21.76 27.82
Loss (NI) 106,143 0.21 0.40 0.00 0.00 0.00 0.00 1.00
Neg. Earnings 106,143 0.42 0.49 0.00 0.00 0.00 1.00 1.00
Unexp. Earnings 106,143 5.35 68.06 0.00 0.01 0.05 0.41 2,401.51
Earnings Volatility 106,143 0.06 0.19 0.00 0.01 0.02 0.05 5.08
Return Volatility 106,143 0.18 0.43 0.04 0.08 0.12 0.16 5.59
Detailed Files

Accuracy 926,069 -2.17 4.96 -39.68  -1.88 -0.70 -0.24 0.00
CBS-Firm-Analyst (Within Portfolio) 926,069 0.59 0.09 0.00 0.52 0.58 0.65 1.00
CBS-Firm-Analyst (Outside Portfolio) 926,069 0.59 0.09 0.00 0.52 0.58 0.65 1.00
Cosine Analyst (Within Portfolio) 926,069 0.51 0.15 0.00 0.42 0.51 0.61 1.00
Cosine Analyst (Outside Portfolio) 926,069 0.51 0.15 0.00 0.42 0.51 0.61 1.00
Ln(Days) 926,069 4.51 1.10 0.00 4.01 4.72 5.31 5.90
Ln(Firms) 926,069 2.04 0.65 0.69 1.61 2.08 2.48 4.83

Table 11 reports the descriptive statistics for the analyses reported in Table 12. All variables are defined in Appendix B



TABLE 12

Financial Analysts — Regression Analyses

Panel A: Summary Files

Term List: Top-Down Bottom-Up (10-K5s)
Dependent Variable: Coverage Accuracy Dispersion Coverage Accuracy Dispersion
Independent Variables: a (2) A3 “4) Q] 6)
CBS-Firm 0.240%%* 4.619%%* -3.210%** 0.125%%* 3.072%%* -2.526%**
(5.766) (4.654) (-3.501) (3.550) (3.599) (-3.211)
Cosine Similari 0.169%** 1.385% -0.593 0.183%** 2.9971*** -1.212%*
R4 (6.141) (1.653) (-0.761) (8.213) (4.293) (-1.933)
Size 0.027%** 2.678%** 1.509%** 0.027%** 2.671%** 1.511%**
(12.880) (25.788) (15.934) (12.971) (25.772) (15.985)
Loss (NI) -0.008** -4 177H** -7.093%** -0.008** -4.199%** <7113k
(-2.318) (-27.379) (-48.339) (-2.158) (-27.548) (-48.512)
Nee. Farnines 0.015%** 0.364%** -0.087 0.015%** 0.359%** -0.075
& & (8.149) (5.776) (-1.533) (7.776) (5.716) (-1.319)
Unexp. Earnings 0.000%** -0.022%** -0.001 0.000%** -0.021*** -0.001
p- £ (-5.404) (-10.666) (-0.371) (-5.467) (-10.657) (-0.380)
Farnines Volatilit -0.052%** -5.529%** -4 431k -0.051*** -5.514%*x* -4.449%**
& Y (-4.008) (-8.475) (-8.500) (-3.964) (-8.460) (-8.523)
Return Volatili -0.005 -3.401%** -0.732%%* -0.005 -3.419%*x* -0.749%**
v (-1.389) (-12.114) (-2.821) (-1.298) (-12.167) (-2.884)
Observations 105,553 105,553 105,553 106,143 106,143 106,143
Adj. R-Squared 0.246 0.345 0.528 0.247 0.346 0.528
Firm FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
Clustering Firm Firm Firm Firm Firm Firm
Number of Firm-Years 105,553 105,553 105,553 106,143 106,143 106,143




Panel B: Detail Files

Dependent Variable: Accuracy
Term List: Top-Down Bottom-Up (10-Ks)
Analyst Experience Analyst Portfolio CBS Analyst Experience Analyst Portfolio CBS
High Low Outside Within High Low Outside Within
Independent Variables: 1) 2) 3) 4) (5) (6) (@) (8)
CBS-Firm 0.440 0.854* 0.882 0.754*
(0.556) (1.918) (1.279) (1.780)
Cosine Similarity 0.856* 0.366 1.065%*** 0.948***
(1.724) (0.875) (2.788) (2.785)
. 0.067 0.163* 0.031 0.170*
(LR AL (1.069) (1.702) (0.438) (1.870)
Cosine Analyst -0.002 0.153*** -0.029 0.188***
(-0.056) (2.933) (-0.795) (3.506)
Size 1.410%** 1.222%** 1.409%** 1.220%**
(21.388) (25.601) (21.393) (25.627)
Loss (NI) -2.892%** -2.962%** -2.908%** -2.978%**
(-23.781) (-30.259) (-23.895) (-30.471)
Neg. Earnings 0.184*** 0.157*** 0.183*** 0.156***
' (5.876) (5.301) (5.865) (5.301)
Unexp. Earnings -0.015%** -0.01 1 %** -0.015%** -0.012%**
' (-4.477) (-8.284) (-4.459) (-8.175)
Earnings Volatility -3.642%%* -2.7790%** -3.642%%%* -2.787H**
(-6.587) (-5.536) (-6.599) (-5.537)
- -1.709%*** -1.425%%* -1.713%%* -1.424%%%*
Return Volatility (-7.656) (:9.676) (-7.684) (-9.667)
Ln(Days) -0.196*** -0.272%%* -0.240%** -0.240%** -0.197%** -0.273%%* -0.24 1 %%* -0.24 1 #**
(-27.409) (-35.513) (-57.744) (-57.673) (-27.503) (-35.723) (-57.932) (-57.878)
Ln(Firms) -0.008 0.006 -0.005 -0.002 -0.011 0.005 -0.006 -0.002
(-0.373) (0.366) (-0.621) (-0.240) (-0.494) (0.308) (-0.758) (-0.289)
Difference 0.414 -0.128
(P-Value) (P=0.18) (P=0.70)
Observations 412,745 420,255 922,062 922,062 413,885 422,820 926,069 926,069
Adj. R-Squared 0.422 0.425 0.817 0.817 0.422 0.426 0.817 0.817
Firm FE Y Y N N Y Y N N
Year FE Y Y N N Y Y N N
Firm-Year FE N N Y Y N N Y Y
Analyst FE Y Y Y Y Y Y Y Y
Clustering Firm Firm Firm Firm Firm Firm Firm Firm
Number of Firm-Years 77,669 93,602 108,675 108,675 77,999 94,125 109,223 109,223

Table 12 reports the results of estimating Equations 2 and 3 for the association between terminology standardization and information processing costs for financial analysts as described in
Section 4.2.3. Panels A and B are based on the I/B/E/S summary and detail file, respectively. The outcome variable is either Coverage, Accuracy, or Dispersion, as indicated at the top of
each Column. CBS-Firm is the firm-year level concept-based standardization, and the CBS-Firm-Analyst is a version of the CBS-Firm estimated within an analyst’s portfolio. All variables



are defined in Appendix B. T-statistics reported in parentheses are based on standard errors clustered at the firm level. *, ** and *** indicate significance: * at the 10% level, ** at the 5%
level and *** at the 1% level respectively.



FIGURE 1

Panel A: n-grams Frequency and Unique Terms (Top-Down)
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Panel B: n-grams Frequency and Unique Terms (Bottom-Up)
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Figure 1 shows the distribution of n-grams across our different term lists. Panel A displays the n-gram distribution for the top-down
list, Panel B shows the n-gram distribution for the bottom-up lists (we combine our bottom-up 10-K and 20-F lists). For each panel,
the blue bars represent the relative frequency distribution, showing how often n-grams appear in our corpus, while the gray bars
show the unique occurrences in our term lists.
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FIGURE 2
Panel A: Concept-Development (Top-Down)
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Figure 2 shows examples of the development of different accounting concepts over time. Panel A shows the distribution for our
top-down list and Panel B for our bottom-up list (we combine our bottom-up 10-K and 20-F lists).
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APPENDIX A

Panel A: Experimental Conditions —

High (Low) Standardized Statements

Income Statement

Low Standardization

High Standardization

REVENUE
COST OF PRODUCT REVENUE

GROSS MARGIN
SELLING GENERAL AND ADMINISTRATIVE COSTS
PROVISION FOR DEPRECIATION AND AMORTIZATION
COST OF OPERATIONS

EARNINGS FROM OPERATIONS
INVESTMENT INCOME
FINANCE EXPENSES NET
SUNDRY INCOME (EXPENSE) NET

(LOSS) EARNINGS BEFORE PROVISION FOR INCOME TAXES
INCOME TAX EXPENSE

NET PROFIT (LOSS)

NET SALES
COST OF GOODS SOLD
GROSS PROFIT
SELLING GENERAL AND ADMINISTRATIVE EXPENSES
DEPRECIATION AND AMORTIZATION
TOTAL OPERATING EXPENSES
OPERATING INCOME
INTEREST AND OTHER INCOME
INTEREST EXPENSE
OTHER INCOME (EXPENSE) NET
INCOME BEFORE INCOME TAXES
PROVISION FOR INCOME TAXES
NET INCOME

Balance Sheet - Asset Side

Low Standardization

High Standardization

CASH AND CASH ITEMS
TRADE RECEIVABLES
INVENTORIED COSTS
OTHER ASSETS CURRENT
TOTAL ASSETS CURRENT
FIXED ASSETS
INTANGIBLES
FUTURE INCOME TAX BENEFITS
MISCELLANEOUS ASSETS
TOTAL ASSETS

CASH AND CASH EQUIVALENTS

ACCOUNTS RECEIVABLE
INVENTORIES
OTHER CURRENT ASSETS

TOTAL CURRENT ASSETS

PROPERTY PLANT AND EQUIPMENT
INTANGIBLE ASSETS

DEFERRED TAX ASSETS

OTHER ASSETS

TOTAL ASSETS

Balance Sheet - Liabilities and Equity Side

Low Standardization

High Standardization

CURRENT BORROWINGS
TRADE PAYABLES
ADVANCES FROM CUSTOMERS
ACCRUED TAXES
CURRENT INSTALLMENTS OF LONG TERM BORROWINGS
ACCRUED LIABILITIES
CURRENT LIABILITIES TOTAL
DEBT DUE AFTER ONE YEAR
OTHER OBLIGATIONS
TOTAL LIABILITIES
ORDINARY SHARES
CAPITAL IN EXCESS OF PAR VALUE
CUMULATIVE NET INCOME
CUMULATIVE OTHER COMPREHENSIVE EARNINGS (LOSS)
REPURCHASED STOCK
TOTAL MEMBERS CAPITAL
TOTAL LIABILITIES AND MEMBERS EQUITY

SHORT TERM BORROWINGS

ACCOUNTS PAYABLE

DEFERRED REVENUE

INCOME TAXES PAYABLE

CURRENT PORTION OF LONG TERM DEBT
ACCRUED EXPENSES

TOTAL CURRENT LIABILITIES

LONG TERM DEBT
OTHER LIABILITIES

TOTAL LIABILITIES

COMMON STOCK

ADDITIONAL PAID IN CAPITAL

RETAINED EARNINGS

ACCUMULATED OTHER COMPREHENSIVE EARNINGS (LOSS)
TREASURY STOCK

TOTAL STOCKHOLDERS EQUITY
TOTAL LIABILITIES AND STOCKHOLDERS EQUITY
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Panel B: Task Description and Example Question

Assume you have been hired by a data provider to collect
accounting information from companies’ financial statements.
Your task is to match line items from a firm's balance sheet and
income statement to a corresponding list of variables. Each line
item from the variables’ list must be matched to exactly one line
item from the company's financial statement.

The company's income statetement is provided below

REVENUE
COST OF PRODUCT REVENUE

GROSS MARGIN
SELLING GENERAL AND ADMINISTRATIVE COSTS
PROVISION FOR DEPRECIATION AND AMORTIZATION
COST OF OPERATIONS

EARNINGS FROM OPERATIONS
INVESTMENT INCOME
FINANCE EXPENSES NET
SUNDRY INCOME (EXPENSE) NET

(LOSS) EARNINGS BEFORE PROVISION FOR INCOME TAXES
INCOME TAX EXPENSE

NET PROFIT (LOSS)

Your task is to match REVENUE to the list below

REVENUE

INTEREST AND RELATED 'e)
EXPENSE

NET INCOME (LOSS) O
OPERATING INCOME e}
AFTER DEPRECIATION

SALES TURNOVER (NET) O
OPERATING EXPENSES e}
TOTAL

GROSS PROFIT (LOSS) (@)
INTEREST AND RELATED e}
INCOME

NONOPERATING

INCOME (EXPENSE) O
TOTAL

PRETAX INCOME @]
DEPRECIATION AND e}
AMORTIZATION TOTAL

COST OF GOODS S0LD @]
SELLING GEMERAL AND

ADMINISTRATIVE @]
EXPENSES

PROVISION FOR O

INCOME TAXES
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APPENDIX B

Variables Definitions

Dependent Variables

Definition

Missing item

Missing Item is an indicator variable capturing whether the data item corresponding to concept ¢
for firm 7 at time # is missing.
Error is an indicator variable that takes the value of 1 if GPT fails to match a firm’s line item to a

Error concept ¢ for firm i at time 7. Where a concept c is either a Worldscope or Compustat database
variable.

Coverage Coverage is the natural logarithm of the number of analysts following a firm in a given year.

Accuracy Accuracy is the absolute value of the last mean or individual forecast error before the earnings an-
nouncement for firm 7 at time ¢ scaled by lag price and multiplied by -100.

. . Dispersion is the standard deviation of an analysts’ mean forecast error scaled by price and multi-

Dispersion .
plied by 100.

Independent Variables  Definition

CBS-Firm-Concept

CBS-Firm

CBS-Firm-Analyst

Embedding Similarity

GPT Masking Prediction

Relative Frequency

CBS-Firm-Concept is the concept-based standardization of firm 7 at time ¢ for concept ¢ computed
as the mean concept-based standardization between firm 7 and all firms js in the same industry
(three-digit ICB code) as described in Appendix C.

CBS-Firm is the concept-based standardization of firm i at time ¢ computed as the mean concept-
based standardization (based on CBS-Paircw) between firm i and all firms js in the same industry
(three-digit ICB code).

CBS-Firm-Analyst is the concept-based standardization of firm 7 at time ¢ for analyst a, computed
as the mean concept-based standardization between firm 7 and all firms in analyst a’s portfolio in
year ¢.

Embedding Similarity is the cosine similarity of each term to other terms within the same con-
cept’s vector space representation of OpenAl’s TextEmbedding3Large embedding model.

GPT Masking Prediction is a variable between 0 and 1 that captures the percentage of times GPT
predicts a certain term within a concept when presented with a sentence from a firm’s 10-K Item
8 section, where the term is masked.

Relative Frequency is a variable between 0 and 1 that captures the relative frequency of a term
within a concept based on our complete corpus.

Control Variables

Definition

Age

Book-to-Market
Cosine Similarity
Cosine Analyst

Earnings Volatility

Leverage

Loss (NI)

N (Data Items)
Neg. Earnings
Pair Similarity

Return on Assets

Return Volatility
Size

Unexp. Earnings

Age of a firm in years is defined as the difference between a firm’s fiscal year-end [Worldscope
Code: 05350] and the minimum date of i) a firms coverage date, ii) date of incorporation
[Worldscope Code: 18273], and iii) founding date [Worldscope Code: 18272]

Book-to-Market ratio is the book value of equity [Worldscope Code: 07220] divided by the mar-
ket value of firm [Worldscope Code: 07210] 7 at time ¢.

Cosine Similarity is the cosine similarity of firm 7 at time ¢ computed as the mean cosine similar-
ity between firm i and all firms js in the same industry (three-digit ICB code).

Cosine Analyst is the cosine similarity of firm 7 at time ¢ for analyst @, computed as the mean co-
sine similarity between firm i and all firms in analyst a’s portfolio in year ¢.

Earnings Volatility is the rolling standard deviation of net income over the previous four fiscal
years [Worldscope data: WCO01551].

Leverage is the debt-to-assets ratio of firm 7 at time ¢, it is computed using the sum of long-term
debt [Worldscope Code: 03251] and short-term debt [Worldscope Code: 03051] divided by total
assets [Worldscope Code: 02999].

Loss (NI) is an indicator variable capturing whether firm i incurred a loss [Worldscope data:
01551] at time ¢.

N (Data Items) measures the total number of terms with a matched database variable in a GPT
API call.

Neg. Earnings is an indicator variable capturing whether firm i net income in year ¢ is less than its
net income in year #-/.

Pair Similarity is the character level cosine similarity between the term the firm is using and the
variable name in the database.

Return on Assets is defined as the net income before extraordinary items and preferred dividends
[Worldscope Code: 01551] divided by total assets [Worldscope Code: 02999] of firm i at time z.
Return Volatility is the standard deviation of monthly stock returns over the previous 48 months.
Size is the natural logarithm of the market value of firm 7 at time # [Worldscope Code: 07210].
Unexp. Earnings is the absolute change in net income from ¢-7 to ¢ scaled by lagged stock price
[Worldscope Codes: 01551, 05017].

Appendix B provides an overview of the variables used throughout the manuscript and their definitions.
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APPENDIX C
Concept-based Standardization

We employ techniques from computational linguistics (e.g., Jurafsky and Martin, 2021) and
introduce a novel measure, i.e., concept-based standardization (e.g., Speelman et al., 2003), as our
main proxy for the level of standardization of accounting terminology. While the cosine similarity
(e.g., Lang and Stice-Lawrence, 2015) captures how similarly firms discuss their accounting, the
concept-based standardization (CBS) captures how similarly firms address the same accounting
issue. By grouping terms according to their meaning, we control for the underlying economic
transaction (assuming our concept lists are precise).

Specifically, for a given concept Ci (e.g., minority interest), a set of n possible synonyms S;
(e.g, “minority interest” versus “non-controlling interest”), and a firm-pair i and j at time ¢, the
concept-based standardization measure is defined as follows:

&
CBSc,iji=1- EZ |Rc.i:(SD-Re i (SD,
=1

where R¢, ;,(S;) and R, ;,(S)) are the relative frequencies of appearance of synonym S within
concept Cy for firm 7 and j at time 7 in their text corpus (here: annual reports). The concept-based
standardization measure (based on the Manhattan distance) is bounded between 0 and 1, where
higher levels indicate higher terminology standardization between the two firms for a concept. We
calculate the CBS over time for each unique pair of firms in our sample that belongs to the same
industry (as defined by the three-digit ICB code) following the literature on comparability (e.g.,
De Franco et al., 2011; Lang and Stice-Lawrence, 2015). The resulting dataset contains the most
granular version of our CBS measure (over 5 billion firm-pair-year-concept observations).

To test the association between terminology standardization and information acquisition costs

for data analysts, we collapse the above CBS at the firm-pair-year-concept level within industry

64



into a firm-year-concept level proxy CBS-Firm-Concept (i.e., for a firm i in industry A, we com-
pute the mean CBS, relative to all M firms js in the same industry). The CBS-Firm-Concept cap-

tures the average firm-year-concept standardization relative to all other firms in the same industry.

M
1
CBS-Firm-ConceptCk, i M 2 CBScijit

j=1
We aggregate this measure to a firm-year level for the financial analysts’ tests as follows. First,

we move from a firm-pair-year-concept level to an aggregated measure across all M concepts:

m

CBS-Pairi‘]—,t= z (CBSCk,i,j,t)W(Ck)l
Ck=1

where each concept is weighted by its relative occurrence within an industry year in our sample
(CBS-Pair.y).?® Second, we collapse the measure to a firm-year level (CBS-Firm) by taking the
mean of the CBS-Pair computed across all firm pairs (1 to N).
| N
CBS-Firm; = N Z CBS-Pair;
=1
Finally, we construct a version of the CBS-Firm at the analyst-portfolio-firm-year level by
taking as an input only the CBS-Pairs computed for firm-pairs within the same analyst portfolio in
a given year. Specifically, for a firm i covered by analyst a at time ¢, we collapse the measure to a
firm-analyst-year level by taking the mean of the CBS-Pair computed across all P firms in analyst
a’s portfolio. We label this measure CBS-Firm-Analyst.

P
1
CBS-Firm-Analyst. = P Z CBS-Pair;
=1

28 To illustrate, consider two concepts, A and B, within an industry-year (e.g., utilities in 2001) and, for simplicity,
assume that the frequency of all other concepts is zero (i.e., they are not used within that industry-year). To calculate
CBS-Puair.w, we assign a weight to concepts A and B that reflects their relative usage by firms. If A is used by 25 firms
and B is used by 50 firms, we weight B twice as much as A; i.e. A has a relative weight of 0.33 and B of 0.66.
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APPENDIX D

Prompts — Illustrative Examples

Prompt Example: Items Only, Select Matching
TASK DESCRIPTION:

You are a financial analyst at WORLDSCOPE tasked with matching standardized line items from WORLDSCOPE to corre-
sponding line items in a company’s financial statement.
Below you find the line item names both for WORLDSCOPE and the company (Enclosed in curly brackets {}).

RULES:

1. Each WORLDSCOPE item must be matched to exactly one company item.

2. Matches must be exclusive (no two WORLDSCOPE items can match to the same company item).

3. Never Ask for Clarifications, complete the task as requested! If you are uncertain, use your expert knowledge to resolve
it (while adhering to the specified output format)!

DATA TO BE USED FOR MATCHING TAKS:

Company Line Items { WORLDSCOPE Line Items {
Income (loss) before nonoperating expenses Income Taxes
Interest expense Net Income- Bottom Line
Income (loss) before income taxes Gross Income
Depreciation, depletion and amortization Pre-tax Income
Selling, general and administrative expenses Selling, General & Administrative Expenses
Income (loss) from operations Interest Expense on Debt
Provision for (benefit from) income taxes Operating Income
Net income (loss) Depreciation, Depletion & Amortization
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Prompt Example: Items with Financial Statement Context, Select Matching
TASK DESCRIPTION

You are a financial analyst at WORLDSCOPE tasked with matching standardized line items from WORLDSCOPE to corre-
sponding line items in a company’s financial statement.

Below you find the line item names both for WORLDSCOPE and the company as well as the Full Financial Statement (En-
closed in curly brackets {}).

RULES

1.  Each WORLDSCOPE item must be matched to exactly one company item.

2. Matches must be exclusive (no two WORLDSCOPE items can match to the same company item).

3. Never Ask for Clarifications, complete the task as requested! If you are uncertain, use your expert knowledge to resolve
it (while adhering to the specified output format)!

ADDITIONAL INFORMATION:
Revenues 1,467,592
Costs, expenses and other operating

Cost of sales (exclusive of items shown separately below) 1,378,479
Depreciation, depletion and amortization 121,552
Accretion on asset retirement obligations 19,887
Change in fair value of coal derivatives and coal trading activities, net 5,219
Selling, general and administrative expenses 82,397
Costs related to proposed joint venture with Peabody Energy 16,087
Asset impairment and restructuring 221,380
Gain on property insurance recovery related to Mountain Laurel longwall (23,518)
(Gain) loss on divestitures (1,505)
Preference Rights Lease Application settlement income —
Other operating income, net (22,246)
Income (loss) from operations 1,797,732
Interest expense, net (330,140)
Interest expense (14,432)
Interest and investment income 3,808
Income (loss) before nonoperating expenses (10,624)
Nonoperating (expenses) income (340,764)
Non-service related pension and postretirement benefit (costs) credits (3,884)
Net loss resulting from early retirement of debt and debt restructuring —
Reorganization items, net 26
Income (loss) before income taxes (344,622)
Provision for (benefit from) income taxes (7)
Net income (loss) (344,615)
Net income (loss) per common share

Basic earnings (loss) per share (22.74)
Diluted earnings (loss) per share (22.74)
Weighted average shares outstanding

Basic weighted average shares outstanding 15,153
Diluted weighted average shares outstanding 15,153

DATA TO BE USED FOR MATCHING TAKS:

Company Line Items { WORLDSCOPE Line Items {
Income (loss) before nonoperating expenses Income Taxes
Interest expense Net Income- Bottom Line
Income (loss) before income taxes Gross Income
Depreciation, depletion and amortization Pre-tax Income
Selling, general and administrative expenses Selling, General & Administrative Expenses
Income (loss) from operations Interest Expense on Debt
Provision for (benefit from) income taxes Operating Income
Net income (loss) Depreciation, Depletion & Amortization
} }
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Prompt Example: Items with Financial Statement Context, Select Matching
TASK DESCRIPTION

You are a financial analyst at WORLDSCOPE tasked with matching standardized line items from WORLDSCOPE to corre-
sponding line items in a company’s financial statement.

Below you find the line item names both for WORLDSCOPE and the company as well as the Full Financial Statement (En-
closed in curly brackets {}).

RULES

4. Each WORLDSCOPE item must be matched to exactly one company item.

5. Matches must be exclusive (no two WORLDSCOPE items can match to the same company item).

6. Never Ask for Clarifications, complete the task as requested! If you are uncertain, use your expert knowledge to resolve
it (while adhering to the specified output format)!

ADDITIONAL INFORMATION:

Revenues 1,467,592
Costs, expenses and other operating

Cost of sales (exclusive of items shown separately below) 1,378,479
Depreciation, depletion and amortization 121,552
Accretion on asset retirement obligations 19,887
Change in fair value of coal derivatives and coal trading activities, net 5,219
Selling, general and administrative expenses 82,397
Costs related to proposed joint venture with Peabody Energy 16,087
Asset impairment and restructuring 221,380
Gain on property insurance recovery related to Mountain Laurel longwall (23,518)
(Gain) loss on divestitures (1,505)
Preference Rights Lease Application settlement income —
Other operating income, net (22,246)
Income (loss) from operations 1,797,732
Interest expense, net (330,140)
Interest expense (14,432)
Interest and investment income 3,808
Income (loss) before nonoperating expenses (10,624)
Nonoperating (expenses) income (340,764)
Non-service related pension and postretirement benefit (costs) credits (3,884)
Net loss resulting from early retirement of debt and debt restructuring —
Reorganization items, net 26
Income (loss) before income taxes (344,622)
Provision for (benefit from) income taxes 7
Net income (loss) (344,615)
Net income (loss) per common share

Basic earnings (loss) per share (22.74)
Diluted earnings (loss) per share (22.74)
Weighted average shares outstanding

Basic weighted average shares outstanding 15,153
Diluted weighted average shares outstanding 15,153

DATA TO BE USED FOR MATCHING TAKS:
WORLDSCOPE Line Items {

Income Taxes

Net Income- Bottom Line

Gross Income

Pre-tax Income

Selling, General & Administrative Expenses

Interest Expense on Debt

Operating Income

Depreciation, Depletion & Amortization
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