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1 Introduction

We propose a novel theory-based framework that quantifies the classification structure of

financial statement numbers. Evaluating the informational role of financial statements lies

at the core of accounting research. A central challenge in this endeavor is that researchers

often cannot directly observe abstract economic constructs, such as information content,

and often rely on proxies derived from observable data, such as financial statements. This

challenge has become increasingly relevant as recent research underscores that systematic

analysis of information processing requires rigorous measurement (Blankespoor, deHaan, and

Marinovic, 2020). A theoretical foundation is therefore important for developing empirical

measures that faithfully capture the economic constructs of interest.

Consider financial accounting research: ever since the tight link between two central

economic constructs of value and income was rigorously formalized by Hicks (1946)’s classical

and foundational work, researchers interested in corporate value creation have been interested

in accounting income and owners’ equity, two key financial statement summary measures,

as empirical proxies of value creation. These measures are considered as informative about

corporate value creation, and the information conveyed by these financial statement numbers

is useful for valuation tasks.

In this paper, we dive deeper into financial statement numbers beyond traditional sum-

maries and propose a measure that quantifies the classification structure of financial state-

ments. Our core idea is to apply entropy from information theory to quantify innovation in

the common-sized financial statements between two different periods. The resulting distance

measure is analogous to the notion of earnings surprise commonly used in capital markets

research, but incorporates the structure of multiple financial statement items rather than a

single-dimensional earnings number. We call this framework Accounting Classification En-

tropy and, in this study, develop its theoretical foundation and present empirical applications

to showcase its potential.
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The motivation of our approach is that the classification structure within a financial

statement contains fundamental knowledge about the internal resource structure of the firm

that accompanies its income flow and capital scale in the process of value creation. The

development of microeconomic theory has emphasized the importance of internal asset de-

ployment structure in value creation. As early as the 1940s, Cooper (1949, 1951) suggested

revisions to the then-standard firm theory that ignores considerations internal to the firm,

such as the importance of cash position, liquidity, and different levels of control, and offered

a rich outlook for microeconomics of the firm to progress. A full-blown development of the

theory of corporate finance, corporate investment, and corporate operations has underlined

the role of the internal structure of resource deployment in value creation. Accordingly, clas-

sified financial statements provide granular line items describing firm fundamentals beyond

summary measures such as net income or owners’ equity figures and are thus specifically

designed to reflect corporate choices of financial, investing, and operational decisions. Our

proposed empirical measure provides a quantification for such structural dimension of value

creation, to accompany proxies for overall income and value. While information economics

does not offer explicit empirical guidelines on how internal resource structure should be

quantified, our empirical quantification leans on the formal Information Theory of Shannon

(1948) and on Theil (1969)’s pioneering work on financial statements.

Specifically, we build on Theil (1969)’s intuition of applying information theory concepts

to financial statements by theoretically generalizing the entropy concept to settings of any

positive vectors (beyond just probability distribution). Accordingly, when financial state-

ment line items are represented as positive vectors, the entropy and the Kullback-Leibler

(K-L) divergence from one period to the next naturally lead to “expected information”

contained in the current release of the financial statements (as compared to the previous

release). Building on this foundation, we develop a framework consisting of two core mea-

sures: Accounting Classification Entropy (ACE), based on Shannon (1948)’s entropy, and

ACE-Relative (ACER), based on Kullback and Leibler (1951)’s relative entropy. While ACE
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serves as a baseline construct, ACER captures the new information in successive financial

statements, a feature that makes it especially useful for many empirical applications.

As observed by Theil (1969), the empirical quantification we propose applies to any set

of financial statement numbers that obey aggregation properties (or the adding-up rela-

tion). We first theoretically prove that our entropy measures (ACE and ACER) are the only

measures that satisfy a grouping property that is natural and desirable for classificational

datasets with hierarchical aggregation structure (such as financial statements like balance

sheets). Second, we apply our quantification approach to a large dataset of firm-quarters

and develop a few use-cases to explore the usefulness of the ACE and ACER measures in

standard empirical research tasks such as analyst forecast behavior.

Our proposed framework offers several desirable properties. First, it is formally grounded

in the well-established information theory, which has been widely recognized and applied

in fields such as engineering, computer science, and economics. We accomplish this by

theoretically generalizing the entropy concept of Shannon (1948) to settings of any positive

vectors. Second, it is transparent and easy to implement without requiring opaque algorithms

or model-specific constructs. Importantly, our measures capture firm fundamentals directly

embedded in financial statement numbers rather than inferred from the reactions of external

decision makers. We refer to this property as “internal,” which is particularly useful for

analyzing information processing questions where researchers need to separate information

itself from users’ reactions. Third, the approach is versatile and can be applied across a broad

range of research questions and empirical settings involving classification-based data. When

the classification expands or contracts to more or fewer line items along the classification or

aggregation hierarchy, the corresponding entropy measures also obey precise mathematical

relations, giving our quantification a consistent mathematical structure.

After developing the information-theoretic foundation, we next take the measures to

empirical settings. Specifically, we construct a prototype ACER from the asset accounts of

the balance sheet. In the first step, we decompose total assets in each quarter into eight
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standardized accounts and express each account as a fraction of the total. Next, we use these

fractions to calculate the relative entropy from the quarter q−4 to q, following the approach

commonly used in the literature that compares accounting numbers for the same quarter

in the previous year. Intuitively, this asset-based ACER quantifies the information updates

in how firms allocate economic resources. After constructing the measure, we empirically

examine whether it captures relevant information for capital market participants. We find

that our entropy measure is significantly associated with the unsigned stock returns and the

trading volumes surrounding the publication of the financial statements. These relationships

persist after controlling for various firm characteristics such as size, unexpected earnings, and

investment intensity. Furthermore, the results are robust to the inclusion of firm fixed effects

and year fixed effects. These results collectively provide two key takeaways: (1) the ACER

can meaningfully quantify information in financial statements; (2) the information captured

by the ACER is not fully explained by existing firm characteristics or fixed effects commonly

used in accounting research.

Next, we explore an empirical application centered on the allocation of information pro-

cessing capacity. Specifically, we examine whether and how processing capacity allocation

adjusts to the amount of information in financial statements. The key features of ACERmake

it well-suited for this research question, which requires a measure that summarizes complex

accounting information independently of processing outcomes or the processing itself. Using

analyst forecasts as a setting to measure processing capacity allocation, we find a positive

relationship between a firm’s ACER and analysts’ processing resources dedicated to the firm.

Results show that, as a firm’s ACER increases, analysts allocate more processing capacity to

that firm by providing forecasts for more periods and making more frequent revisions. These

findings provide new evidence on the relationship between accounting information and the

allocation of processing capacities.

In the final part of our analysis, we provide a standalone extension to the ACE framework

that incorporates a richer representation of accounting structure. Employing the concept
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of Mutual Information, we theoretically develop an approach to quantify the information

conveyed by the structures of financial statements beyond simple classifications. Specifically,

we quantify the information embedded in the balance sheet structure described by Penman

(2013) and Nissim (2022) by applying the Mutual Information concept. Our descriptive

results show that accounting structure itself conveys a significant amount of information, and

that this source of information varies systematically with firm characteristics and broader

economic trends discussed in the literature (Core et al., 2003; Barth et al., 2023).

First, our paper contributes to the growing literature on information processing cost and

capacity in accounting research, where quantifying information plays a central role (Blanke-

spoor et al., 2020). This literature is often grounded in the rational inattention framework,

which formally represents both information and processing cost using entropy-based con-

structs (Sims, 2003). Our approach aligns with this information-theoretic foundation and

demonstrates how entropy-based constructs can be empirically operationalized within fi-

nancial statements and similar classification data. Furthermore, a key insight from this

literature is the importance of distinguishing between information to be processed and in-

formation that has been processed, both conceptually and empirically. By deriving entropy

measures directly from financial statements, we quantify the information embedded in ac-

counting representations themselves independent of user behavior or market reactions. We

believe this approach can help advance the study of information processing by providing a

direct and scalable way to measure the information available for processing in the structural

dimension of financial statements.

Second, our study complements the empirical evaluation of financial statement numbers

by bringing the financial statement classification into the quantification exercise in a theory-

consistent way. A key distinctive feature of our approach is that ACE and ACER do not rely

on observing users’ decisions or assuming unobserved causal links between information and

decisions. While user-decision-based quantification exercises such as Ball and Brown (1968)

have achieved wide acceptance, their limitations are also well-known. Observed decisions
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are equilibrium objects, and the role of complex, structural financial information is hard to

isolate from observed decisions. Although user decisions remain a high standard for evaluat-

ing accounting information, the internal, self-contained framework we propose offers a useful

and practical alternative in a wide range of empirical settings, including but not limited

to cases where decision-based measures are more difficult to observe or implement. Fur-

thermore, market-based information proxies directly capture decisions and reactions (rather

than the information itself), which can give rise to endogeneity or reverse-causality concerns

when used as explanatory variables. Our entropy-based measure mitigates these concerns by

quantifying information directly from financial statements, which can be particularly useful

when examining how disclosure choices or other firm policies respond to information shocks.

Third, our paper contributes to the long-standing accounting theory literature that, start-

ing from the late 1960s and early 1970s, links accounting numbers to the information eco-

nomics framework (Beaver and Demski, 1979). Since then, accounting theorists have broadly

adopted the “decision-making” approach that assesses the information content of accounting

numbers in their usefulness for decision-making under uncertainty.1 Despite the wide suc-

cess of the decision-making approach, some observers allege that, in the extreme of merging

accounting with decision-centric information economics, accounting numbers are represented

as reduced-form statistical signals about some underlying states, in which the rich structures

of accounting numbers are either obfuscated or even lost (Mattessich, 2006). To complement

the decision-making approach, we draw on the classical measurement tradition in accounting

theory (Ijiri, 1975) and apply information-theoretical tools to quantify the information em-

bedded in accounting classifications, thereby linking the measurement and decision traditions

in accounting theory.

1Notice this was a clear departure from the earlier measurement approach to accounting theory. Since
the early 20th century, accounting theorists pioneered the measurement approach, positing that “accounting
numbers are the outcome of the accounting measurement process of classifying and quantifying economic
resources controlled by an entity resulting from recognized exchanges between resources” (Ijiri, 1975). During
the decades before the 1970s, the major theoretical project of evaluating accounting income measurement
against the ideal economic income concepts dominated accounting scholarship. See the anthology with a
celebrated introduction by Parker and Harcourt (1969).
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2 Literature Review

Our study is an accounting application of the entropy concept pioneered by Shannon

(1948) and specifically, the Kullback–Leibler divergence (Kullback and Leibler, 1951). These

information-theoretic concepts have been widely applied in science and engineering, and

Cover and Thomas (2006) offer a comprehensive discussion. Closely related to our paper,

in the late 1960s, the entropy concept was first applied by Theil (1969) to analyze the

information content of financial statements, followed by Lee and Bedford (1969), and Lev

(1968, 1970). Our paper is built on this early stream of studies and revisits the application

of entropy to quantify the amount of information produced from accounting classification.

Furthermore, we augment the previous work by developing more thoroughly the theoretical

foundation behind applying the entropy concept, constructing an entropy-based summary

measure of accounting classification information based on balance sheet data for a large

sample of publicly traded firms in the US, and demonstrating the usefulness of the measure

in applications of interest to accounting researchers.2

More broadly, the entropy concept serves as the building block for the economics literature

on rational inattention pioneered by Sims (2003), where entropy is used as a measure to model

agents’ limited information processing capacities. In that vein, entropy has been extensively

used in information economics models and their applications to accounting problems, e.g.,

Myatt andWallace (2012), Jiang and Yang (2017), Angeletos and Sastry (2019), and Bonham

and Riggs-Cragun (2022). Our paper abstracts from such strategic incentives in information

processing and focuses on the measurement exercise to quantify information production

in accounting classification.3 The concept of entropy also plays a key role in many areas

2The early studies either were purely theoretical or only analyzed the financial statements of a small
sample. For instance, the seminal paper by Theil (1969) studied the annual reports of Ford Motor Company
in 1964 and 1965.

3In applied statistics, a common method that involves the concept of entropy is entropy balancing
(Hainmueller, 2012). McMullin and Schonberger (2020) introduce entropy-balanced accruals, a specific
application of entropy balancing. Entropy balancing is a sample-weighting technique designed to balance
the covariates between the treated and control units by assigning new weights to the control units. The
method applies entropy to the sample weights, rather than to the covariates, with the aim of minimizing the
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of machine learning and artificial intelligence, where it is used to quantify information and

evaluate models (Bishop, 2006). In a recent study, Costello, Levy, and Nikolaev (2025) utilize

entropy when applying algorithmic methods to process and summarize corporate disclosures.

Under the modern information economics paradigm, quantifying information content is

either impossible in general (Demski, 1973) or directly tied to decision-making by users. As

a result, research on internal summary measures of financial statements has been limited

and has generally relied on heuristic approaches. For example, Brown et al. (2023) represent

a firm-year’s 147 financial statement items as a vector and use cosine similarity between

vectors of two firms to capture cross-sectional similarity. With advances in natural language

processing, other work has focused on the information content of financial statement text.

Brown and Tucker (2011), for instance, introduce a modification score to quantify changes in

the qualitative MD&A disclosure from one year to the next. Similarly, Cohen et al. (2020)

proposed four quantification approaches, directly taken from the literature in linguistics,

textual similarity, and NLP, to capture quarter-on-quarter similarities between 10-Q and

10-K filings : (i) cosine similarity, (ii) Jaccard similarity, (iii) minimum edit distance, and

(iv) simple similarity.

Our approach departs from heuristic methods in both conceptual underpinnings and ap-

plication. Information theory offers a rigorous basis for defining accounting classification

information within a consistent mathematical structure. Under this structure, incremental

changes of the entropy-based information measure obey precise mathematical relations when

the classification expands or contracts to more or fewer line items along the classification

hierarchy. In contrast, the heuristic measures generally do not define what constitutes “in-

formation.” The theoretical foundation makes our approach a natural fit for quantifying

the information content of accounting classifications, yielding a measure that can be inter-

preted as information. For this reason, the measure is particularly well-suited for addressing

questions in economics-based accounting research. Moreover, as we illustrate in Section 6,

divergence between the new sample weights and the original ones. In contrast, our study focuses on directly
applying entropy to financial statements to measure the classification information in these statements.
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the richness of the information theory makes the entropy framework a flexible platform for

developing new applications. Specifically, we demonstrate how the concept of mutual infor-

mation can be applied to quantify the information embedded in the accounting structure

itself, such as the balance sheet’s joint structure of assets and funding sources. While ac-

counting information is inherently structured through the systematic linkages embedded in

accounting systems, the quantification of this structured information has remained concep-

tually abstract. Our application addresses this challenge by providing a numerical summary

measure for the information embedded in accounting systems.

3 An Information-Theoretic Framework of Accounting

Classification

3.1 Problem Definition

The theoretical challenge we confront is to define accounting classification information.

To facilitate the deployment of the measure to empirical analysis, we seek to construct a

summary (single-dimensional) measure that convey to users fundamental knowledge about

the internal resource allocation in the firm. Specifically, we build a measure that is

1. built internally based on classified accounting statements such as balance sheets;

2. free from having to specify how users would use the accounting figures in their decisions

(which is often context-specific and hard to measure);

3. flexible to accommodate classification changes or data structures, e.g., when the clas-

sifications are expanded or reduced via disaggregating or aggregating line items.

We appeal to the Information Theory, built upon the fundamental entropy ideas pioneered

by Shannon (1948), in search of such a summary measure of accounting classification. While

Shannon’s original idea is ushered in a broader and deeper Information Theory, we focus
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on two basic measures as the foundation to construct our internal summary measure of

accounting information: Entropy and Relative Entropy (Kullback and Leibler, 1951).4 In

the remainder of this section, we will first review the information-theoretic concepts and then

apply them to develop a summary measure that quantifies the accounting classificational

structure while respecting the three properties listed above.

3.2 Information Theory Concepts: Entropy and Relative Entropy

Shannon’s Entropy

Definition 1 (Entropy) Let X be a discrete random variable with alphabet X and proba-

bility mass function p(x) = Pr{X = x}, x ∈ X . The entropy H(X) of X is

H(X) = −
∑
x∈X

p(x) logb p(x),

where b is the base of the logarithm.

Note that Entropy is a property of a distribution p(x) (x need not be a real number),

but entropy itself is the expectation of a real random variable:

H(X) =
∑
x∈X

p(x)logb
1

p(X)
= Ep logb

1

p(X)
.

If the log is to the base 2 (or e, or 10), entropy is expressed in bits (or nats or bans). If the

set of signals x’s consists of n potential messages that have equal probabilities px = 1/n,

the Entropy of the information source is H(X) = −n(1/n) log(1/n) = log(n), which is

increasing in parameter n. Intuitively, one can interpret that the larger the n, the more the

underlying uncertainty. Equivalently, the larger the n, the more precise the signal serves

as an information instrument (Marshak, 1959). From an operational perspective, the larger

4Mutual information, a special case of K-L divergence and widely used in theory and practice, will be
introduced and discussed in the standalone Section 6, including an financial statement analysis use-case.
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the n, the more resources it takes to transmit the signal X in expectation. For example,

Entropy provides the minimum expected number of bits to encode the message to be shared

with a decoder (Shannon, 1948).

Based on this idea, joint entropy and conditional entropy are similarly defined for joint

and conditional probability distributions, with the desirable properties such as additivity

and the chain rule.5

Relative Entropy: Kullback-Leibler Divergence

Definition 2 (Relative Entropy) Let p(x) and q(x) be two probability functions of ran-

dom variable X with alphabet X , the Relative Entropy, or Kullback-Leibler (K-L) Divergence,

from probability function q(x) to p(x) is defined as

D(q||p) =
∑
X∈X

q(x) log
q(x)

p(x)
= Eq log

q(X)

p(X)
.

Relative Entropy, or K-L divergence, is always non-negative but is not a true “distance”

measure (it violates symmetry and triangle inequality). It offers a measure of the inefficiency

of assuming distribution q when distribution p is true. Under the true distribution p, H(p) is

the average description length of variableX, but if one instead uses q by error, H(p)+D(p||q)

is the average length instead. When applying the K-L divergence to quantify the movement

from prior probability distribution to the posterior, the K-L divergence captures the new

5Let random variables (X,Y ) has a joint distribution p(x, y), define the joint entropy H(X,Y ) and the
conditional entropy as

H(X,Y ) = −
∑
y∈Y

∑
x∈X

p(x, y) log p(x, y),

and
H(Y |X) = −

∑
X∈X

p(x)
∑
y∈Y

p(y|x) log p(y|x) =
∑
X∈X

p(x)H(y|X = x).

It can be easily shown that

H(X,Y ) = H(X) +H(Y |X) and H(X,Y ) = H(Y ) +H(X|Y ),

and H(X,Y ) = H(X) +H(Y ) if X and Y are independent and H(X,Y ) = H(X) = H(Y ) if X and Y are
perfectly dependent.
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information content contained in the posterior as compared to the prior distribution.6

3.3 Accounting Classification Entropy (ACE)

Now we adapt the aforementioned information theory concepts into measures more suit-

able for quantifying the information content of financial statement line items, not immedi-

ately considered probability distribution. Here we follow and extend the pioneering work by

Theil (1969) who was the first to apply Shannon’s entropy concept and the relative entropy

measure to classified financial statements such as balance sheets and income statements.

While mostly descriptive and exploratory, the key idea Theil (1969) introduced was that

these two concepts can be used as “useful descriptive devices for the changes ... as well as

analysis of the difference between companies” (page 459).

We extend the Theil (1969) analysis along several dimensions. First, we theoretically

derive a generalized version of entropy measure, termed Accounting Classification Entropy

(ACE), for a generic vector of positive elements, such as the balances of classified financial

statement accounts (instead of a probability distribution that can be viewed as a vector of

positive elements adding up to one). In this Section, we consider a simple application of

the ACE measure to a single classification, such as the asset classification on the balance

sheet. In Section 6, we extend the application of the ACE measure to dual classifications (or

potentially multi-classification) such that the asset-and-funding-source (i.e., liabilities and

stockholders’ equities) classification on the two sides of the balance sheet. We will show that

because accounting structure specifies a connection between the classifications, the structure

6In modern machine learning, K-L divergence has become a critical theoretical and empirical measure of
difference between two information representations (such as model-prediction versus ground-truth). Consider
a simple procedure to train a single neuron as a binary classifier: let a finite (training) input data-set:
X = {x1, x2, ..., xN} with binary labels {t1, t2, ..., tN} and t ∈ {0, 1}. Consider a single neuron y(x;w)
parameterized by w generating output bounded between 0 and 1. The error function is

G(w) = −
∑
i

[
ti ln y(xi;w) + (1− ti) ln(1− y(xi, w))

]
= KL(q : p),

where q = {t1, t2, ..., tN} is the empirical distribution; and p = {y(x1;w), y(x2;w), ..., y(xN ;w)} is the distri-
bution implied by the single neuron (y, 1− y). The objective function is bounded away from zero below and
attains zero only if y(xi, w) = ti for all i, a perfect fit.
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contains information besides the information conveyed in the classifications themselves. We

also demonstrate that the concept of mutual information can be used to measure the amount

of information built into accounting structure.

In many empirical settings, researchers are interested in the new information conveyed

by accounting classifications relative to what was known before the update. As explained

by Theil (1969), relative entropy—an extension of Shannon’s entropy—is well suited for

quantifying such informational updates. We apply the relative entropy concept to fine-

tune the ACE measure and construct a measure, termed Accounting Classification Entropy-

Relative (ACER), capturing the new information content from one positive vector of classified

financial account balances into another. We propose the set of measures {ACE, ACER}

as candidates for internal, summary measures of accounting classification. We report the

derivation and interpretation below. Second, we apply the theoretical internal measure

to a large sample panel dataset of US publicly traded firms for an empirical exercise of

measure analysis and applications to the economic setting of analysts’ attention allocation,

and compensation contracts (included in the Appendix).

Generalized Entropy Measure to Financial Accounts Classifications Consider a

firm’s financial statement (e.g., the asset section of the balance sheet) of period t that includes

n accounts (e.g., current assets, noncurrent assets, etc.), each of which has a balance of

Xi. The information of the financial statement is thus represented in the vector of signals

X = [X1, X2, ...Xn]
′. Without loss of generality, this information can be decomposed into

(1) information about the total balance of the financial statement K ≡
∑n

i=1Xi, and (2)

information about the classification of the total balance K into n accounts. The latter is

captured by the accounts’ fractions of the total, x = [x1, x2, ...xn]
′, where xi = Xi/K. In our

primary empirical application to assets, the total balanceK contains fundamental knowledge

about the firm’s aggregate holdings of economic resources, whereas the classificational data x

captures the firm’s internal resource allocation in value creation. Our focus is on generalizing
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the entropy measure to capture the information in accounting classification x.

Toward this end, denote Jn(x) as any scalar measure (summary) of the information in

financial accounts classification, x = [x1, x2, ...xn]
′. The following proposition establishes

that, in the set of summary measures Jn(x) that satisfy three properties, the only one that

exists is the entropy of the probability distribution represented by the vector x.

Proposition 1 (Cover and Thomas (2006)) Consider a n× 1 vector x = [x1, x2, ...xn]
′

representing the classification of financial accounts, where 0 < xi < 1,
∑n

i=1 xi = 1, and

n ∈ {2, 3, 4, ...} ⊂ N. Now consider a sequence of symmetric functions Jn(x) indexed by n,

satisfying the following three properties:

1. Normalization: J2(
1
2
, 1
2
) = 1.

2. Continuity: J2(x, 1− x) is continuous in x ∈ (0, 1).

3. Grouping:

Jn(x1, x2, x3, x4...xn) = Jn−1(x1 + x2, x3, x4...xn) + (x1 + x2)J2

(
x1

x1 + x2

,
x2

x1 + x2

)
.

Then Jm must be in the form of:

Jn(x1, x2, x3, x4...xm) = −
n∑

i=1

xi log(xi) = Hn(x),

where Hn(x) is Shannon’s entropy of the probability distribution represented by the vector x.

The first two properties of the summary measure (Normalization and Continuity) are rel-

atively weak technical requirements; we thus focus on interpreting the last property (Group-

ing). To illustrate, consider the following classification of a firm’s asset accounts. Suppose

that the firm first classifies its assets into current and noncurrent assets, where the fractions

of the two accounts are equally given by [1
2
, 1
2
]′. The summary measure of this classification is

thus J2(
1
2
, 1
2
). Next, the firm improves the accounting classification by separating the current
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assets into two sub-accounts, cash and non-cash. Suppose that one-third of current assets

are classified into cash, and two-thirds of them are classified into non-cash. The fractions

of the resulting three accounts’ balances are thus given by [1
6
, 1
3
, 1
2
]′, and the corresponding

summary measure is J3(
1
6
, 1
3
, 1
2
). Intuitively, the information of the three-account classifica-

tion should be higher than that of the two-account classification, i.e., J3(
1
6
, 1
3
, 1
2
) > J2(

1
2
, 1
2
).

Furthermore, the amount of the incremental information should be proportional to both the

information from classifying current assets into cash and non-cash, J2(
1
3
, 2
3
), and the rela-

tive size of the current assets, 1
2
. Writing out this intuitive requirement on the summary

information measure yields the Grouping property:

J3

(
1

6
,
1

3
,
1

2

)
= J2

(
1

2
,
1

2

)
+

1

2
J2

(
1

3
,
2

3

)
.

More generally, the Grouping property requires that any information improvement from

finer accounting classification is proportional to the amount of information gained from the

additional classification; and the additional classification contributes more information when

a larger account balance is classified into sub-accounts.7

Relative Entropy as Measure of Information Arrival The ACE measure serves as

one measure of the total amount of information in financial accounts classification. In many

empirical applications, one may be more interested in measuring the net increase in infor-

mation when a new financial statement arrives, conditional on some past information or

expectation. In the spirit of Theil (1969), we apply Relative Entropy (the K-L divergence)

7Specifically, the Grouping property in Proposition 1 can be interpreted as follows. Consider a firm’s clas-
sification of its financial statement with n−1 accounts. The fractions of the accounts are [x1+x2, x3, x4...xn]

′.
The firm now classifies the first account into two accounts, and the fractions of the resulting n accounts are
[x1, x2, x3, x4...xn]

′. The incremental information from the finer classification

Jn(x1, x2, x3, x4...xn)− Jn−1(x1 + x2, x3, x4...xn) = (x1 + x2)J2

(
x1

x1 + x2
,

x2

x1 + x2

)
,

which is the product of the size of the first account, x1+x2, and the information gained from separating the

first account into two, J2

(
x1

x1+x2
, x2

x1+x2

)
.
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to the ACE measure to construct a measure that captures the incremental information from

the arrival of a new financial statement.

Specifically, denote p = [p1, p2, ..., pn]
′ as the prior information/expectation about the

fractions of the total balance classified into n accounts. Now suppose the new financial

statement arrives with the fractions of the n accounts denoted by q = [q1, q2, ..., qn]
′. Recall

that under ACE, the information of classifying qi fraction of the total balance into account

i is represented by the function log (qi), and the information in the set of classification

q = [q1, q2, ...qn]
′ is an average of each classification’s information, log (qi), weighted by

the relative balance of each account qi. If we continue to use the log function to measure

the information of classifying qi into account i, the incremental information from the prior

classification of pi to the new classification of qi is given by the difference:

log (qi)− log (pi) = log

(
qi
pi

)
.

The new information in the set of new classification q thus equals the information increase

in the classification of each account i, weighted by its relative balance qi:

ACER =
n∑

i=1

qi log
qi
pi
.

We formally define our construct of the measure for information arrival, Accounting Classi-

fication Entropy-Relative (ACER), below.

Definition 3 Accounting Classification Entropy-Relative (ACER) Let p = [p1, p2, ..., pn]
′

and q = [q1, q2, ..., qn]
′ be the prior expectation and the current report of classification in n

financial accounts, respectively. The ACER measure that captures the new information from

the arrival of the new classification is defined as

ACER =
n∑

i=1

qi log
qi
pi
. (1)
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Our discussion above extends the use of the K-L divergence to measure the information

from the arrival of a new accounting classification, when the reported classification is not

(necessarily) generated from probability distributions.8

Empirical Construction Returning to the problem definition, we seek to derive an in-

ternal summary (one-dimensional) measure of information content of classified accounting

numbers. Based on the derivation and discussion in this section, we propose ACE and its

variant ACER as a solution to the problem we posed. Suppose we are interested in measur-

ing the new information in period t relative to t− 1, we can calculate ACERt according to

Equation (1) in Definition 3 using the following steps:9

1. For a given firm, extract the dollar amount of a financial statement line item.

2. Transform the dollar balance as a fraction of the total.

3. Let X%i,t denote account i’s fraction of period t, calculate the entropy divergence for

account i from t− 1 to t:

IX%i,t = X%i,t × log

(
X%i,t

X%i,t−1

)
,

where Xi represents each financial statement line-item.

8Interestingly, Theil (1969) also offers a probabilistic interpretation of adapting the entropy measures to
a financial statement setting naturally. For example, balance sheet fractions are probabilities when we ask
the following question: “If one takes a random dollar of the company’s assets at the end of 1964, what is
the chance that this dollar falls under current assets (say)?” (page. 462). By extension, Theil’s Expected
Information measure, equivalent to the K-L divergence between the current balance sheet fractions and
previous fractions, tells “how far we have to travel” from the fractions of the first year to those of the second.
(page. 463).

9In this formulation, t denotes a general time period, such as a quarter or year, and t − 1 represents a
previous period. The period t − 1 does not necessarily have to be the preceding quarter or year, but can
vary depending on the specific measurement context. Our baseline application in Section 4 uses quarterly
balance sheet and seasonal divergence (i.e., from q − 4 to q).
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4. Summing IX%i,t over all i’s gives rise to ACER for period t (from t− 1):

ACERt =
n∑

i=1

IXi%i,t.

Discussions Before we move to the empirical part of our paper, we summarize the prop-

erties of our proposed measures of ACE and ACER as theoretically appealing because it

is grounded in formal Information Theory, and are a uni-dimensional summary measure

of multi-dimensional classificational objects such as financial statements. While its literal

meaning is the expected number of extra bits needed to encode the message of period t if us-

ing the stale information of period t−1, its expanded meaning is a lower bound of total new

information that has arrived in period t since t− 1. Finally, it serves as the solution to the

problem we seek to solve: an internal measure of information, independent of potential uses,

focusing on the immediate output from accounting information production. Accordingly,

it is a departure from the notion of information in the standard decision-usefulness-based

information economics framework of State-Act-Outcome, with information represented as

partitions of decision-specific states.

A limitation of general summary measures is that they do not specify the exact sources

of variation across different observations. Nevertheless, high-level summary metrics such

as stock return, volatility, trading volume, and the size and aggregation level of disclosure

have been widely adopted as general information proxies in accounting research (Basu, 1997;

Ball, Kothari, and Robin, 2000; Leuz and Verrecchia, 2000; Chen, Miao, and Shevlin, 2015;

Hail, Wang, and Zhang, 2024). Similarly, while the entropy-based measures do not, on their

own, retain the full information about the specific causes of their variation, their construct

flexibility allows users to tailor the measurement scope to capture only the relevant variations

for specific research questions.

In addition to the three properties of the information measure we seek in our problem

statement, the Entropy-based measures possess a fourth property of interpretability. Gen-
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erally, the mechanical process of calculating the measures is a convex transformation of the

line-item vectors. In fact, the measures are some particular convex transformations (nega-

tive of a log function of scaled individual line-items), among many other potential convex

transformations. What makes this particular transformation, thus our measures, unique and

useful is indeed its information-theoretical foundation. That is, we can interpret our mea-

sures as information in a scientific way. This direct information interpretation makes the

entropy-based measures especially useful in rigorously investigating theories and hypotheses

founded on information economics. In addition, properties of the entropy-based measures

developed in information theory apply as we extend our empirical application beyond just

assets on the balance sheet. For example, when incorporating the liabilities and shareholders’

equity line-items, the entropy concept on the joint distribution (with or without indepen-

dence), as well as the mutual information measure, can be easily applied and interpretable

with theoretical and empirical ease, as shown in Section 6.

4 Empirical Evidence

4.1 Data and Methods

Our first empirical analysis examines the relationship between ACER and market-based

proxies that indirectly capture information. Because ACER measures the amount of new

information embedded in accounting classification during a given quarter, we expect it to

be positively associated with indicators of stronger market reactions around the release of

financial statements, such as larger absolute stock returns and higher trading volume.

We construct a prototype empirical measure of ACER based on the quarterly balance

sheets of U.S. public companies. Our sample starts from the intersection of Compustat and

CRSP. We obtain the 10-K and 10-Q filing dates from the SEC Analytics Suite (coverage

beginning in 1993) to conduct the market reaction analysis. Our baseline sample contains

281,928 firm-quarter observations in 1993–2022. For the analyses involving financial analysts
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in Section 5, we further require I/B/E/S data coverage.

To apply the entropy framework to financial statement data, we first define the set of ac-

counts that form the basis for measuring information content. Our baseline measure focuses

on the asset section of the balance sheet. We decompose total assets into eight standard-

ized categories: four current asset accounts (cash and short-term investments, receivables,

inventory, and other current assets) and four non-current asset accounts (property, plant,

and equipment, intangible assets, long-term investments, and other non-current assets).

It is worth noting that the theoretical construct of ACE and ACER is versatile and not

confined to a specific set of accounts. In practical applications, researchers have the flexibility

to devise their own empirical entropy measures that best fit their research questions and data

structures. Our application in this section focuses on an asset-based measure for two reasons.

First, asset accounts represent economic resources of a firm and are directly informative of

business fundamentals. Second, empirical research often uses total assets as a proxy of size-

based information, motivating our choice to use assets to measure classification information.

Next, we calculate the entropy measure for each firm-quarter observation following several

steps. First, we transform the dollar balance of each account as a fraction of the total book

asset. Second, for each account, we calculate the divergence from quarter q − 4 to q. To

illustrate the calculation, let Cash%q denote the dollar amount of the total assets of quarter q

scaled by the total book asset of quarter q; let Cash%q−4 denote the total revenue of quarter

q − 4 scaled by the total book asset of quarter q − 4. The divergence associated with total

revenue from q − 4 to q is define as ICASH = Cash%q × log(Cash%q/Cash%q−4).
10 After

calculating the information content measure for each account, we sum them up across the

eight standardized accounts to obtain the total Accounting Classification Entropy-Relative,

10In this calculation, ICashq is undefined if Cash%q or Cash%q−4 equals zero. In our application, if the
balance of an account is zero in both q and q − 4, we set the information content for that specific account
to zero. This assumption is appropriate because having a zero balance in two consecutive quarters implies
having no information update from that account during the measuring period. The entropy measure is not
directly applicable if a balance changes from zero to a non-zero value, or vice versa. Essentially, the standard
entropy measure is not well-suited to handle variables that often switch between zeros and nonzero values
intertemporally. To mitigate this limitation, a simple solution is to aggregate these accounts with others
that are rarely zero and share similar economic interpretations, thereby reducing the data sparsity.
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which we label as ACER for the result of the paper. To facilitate interpretation and mitigate

outliers, we convert ACER into decile ranks, which we denote as ACER Rank.

A common challenge in quantifying the information content of accounting numbers using

stock returns is that stock prices gradually integrate the information in financial statements

(for example, Ball and Brown (1968) shows that earnings information can be gradually

integrated into the stock price before and after earnings announcements). For a given set of

financial statement information, researchers often cannot precisely observe the beginning and

end of the integration process. In our context, we cannot directly observe when stock prices

start to incorporate the information in a balance sheet or when the information becomes fully

incorporated. For this reason, our analysis focuses on examining the direction of correlation

between ACER and the short-window stock returns surrounding the release 10-K and 10-Q

reports. Although this approach may underestimate the total association between ACER

and the absolute market reaction, the results can still provide qualitative evidence for ACER

as an information measure. We estimate the following OLS regression model.

ACARi,q =β1ACER Ranki,q + ΓControlsi,q + ϵi,q, (2)

where ACARi,q stands for firm i’s absolute cumulative abnormal return in the [0,+3] window

surrounding the release date of the 10-K or 10-Q report of quarter q.11 Since ACER is an

unsigned measure of the quantity of information (that is, it does not directly distinguish

positive and negative news from the perspective of shareholders), we use the absolute value

of stock returns as an unsigned measure of new information integrated into stock price. To

calculate abnormal returns, we estimate daily expected returns by applying the five-factor

model of Fama and French (2015). Following Loughran and McDonald (2014), for each 10-K

or 10-Q report, we estimate the pricing model using trading days [−252,−6] prior to the

11The time subscript q denotes the fiscal quarter covered by the accounting reports. Typically, these
reports are filed and released in the subsequent quarter. Therefore, the measurement window ACARi,q

generally falls in fiscal quarter q + 1.
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report release date. This rolling window approach allows factor loadings to vary over time

within each firm. ACER Ranki,q is the decile rank of AEi,q.

In the baseline specification, we first estimate a simple model without controlling for

additional firm characteristics or fixed effects. The simple model allows us to observe the

total association between ACARi,q and ACER Ranki,q. Next, we include a set of control

variables to further investigate whether the entropy measure captures information beyond the

common firm characteristics documented in the literature. These control variables include

the absolute value of seasonally differenced earnings12, the natural logarithm of total book

assets, book-to-market ratio, leverage ratio, sales growth rate, research and development

expense, capital expenditure, and the historical stock return and its volatility measured

prior to the release of 10-K or 10-Q. In the baseline specification, we do not include fixed

effects and explore the pooled variation of ACER Ranki,q. In additional specifications, we

include year fixed effects and firm fixed effects to further explore within-group variations. In

all specifications, we apply two-way clustered standard errors by quarter and firm.

4.2 Market Reaction Analysis

Table 2 reports the results of estimating equation (1) using four specifications. In col-

umn (1), we estimate a simple regression model without control variables or fixed effects to

establish the baseline relationship between ACER and short-window market reaction. The

result shows that a one-decile-rank increase in ACER Rank is associated with an increase

of approximately 0.27% in ACAR. The coefficient is significant at 1% with a t-statistic of

30.04. The positive association suggests that as the amount of information in the financial

statements increases, the stock price reflects this by updating more intensively.

In column (2), we control for the decile rank of seasonally differenced earnings and a

battery of other firm characteristics. Note that the information content of the ACER can

overlap with the information captured by these control variables, such as capital expendi-

12Similar to ACER Rank, we use the decile rank of unsigned seasonally differenced earnings to facilitate
interpretation and mitigate the influences of outliers and skewness.

22



ture (CapEx), unsigned historical return (AbsRet), and return volatility (StdRet). The

estimated coefficient of ACER Rank is 0.076, smaller than the coefficient in column (1)

and still statistically significant at 1%. The result suggests that the commonly used finan-

cial statement variables and market indicators do not fully explain the association between

ACER Rank and ACAR. The next two columns report the results after incorporating fixed

effects. In column (3), we include quarter fixed effects (i.e., an indicator variable for each

year-quarter combination); in column (4), we further include firm fixed effects. The coef-

ficient of ACER Rank remains positive and statistically significant in both specifications,

indicating that the within-quarter and within-firm variations in ACER are also meaningfully

associated with the intensity of the market reaction.

Next, we examine event-window trading volume, another market indicator frequently

used to assess investors’ response to accounting information (e.g., Beaver, 1968; Landsman

and Maydew, 2002). Our primary trading volume variable is V olume, the average daily

trading volume scaled by the number of outstanding shares (expressed as a percentage) for

the [0,+3] window surrounding the release of 10-K or 10-Q reports.

Table 3 reports the results of estimating equation (2) using V olume as the dependent

variable, using the same four specifications in Table 2. Across the four specifications,

ACER Rank is positively and significantly associated with V olume, indicating a higher level

of trading activities when the ACER is higher. Interestingly, the coefficient of ACER Rank

in column (1) is similar in magnitude to columns (2), suggesting that common firm character-

istics have limited power in explaining the relationship between ACER and trading volume.

In column (3) and (4), this association remains statistically significant after the inclusion of

quarter fixed effects and firm fixed effects.

Taken together, the evidence from Tables 2 and 3 suggests that ACER captures informa-

tion used by market participants in valuation and trading decisions. This finding highlights

the economic relevance of accounting classification and demonstrates that our framework

provides a useful and tractable measure of such information. Importantly, the market re-
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action variables in our analysis are not intended as benchmarks for validating ACER. Our

objective is to examine the information in accounting classification, whereas stock prices

and trading volumes reflect many forces beyond accounting classification. For this reason,

market-based proxies cannot serve as benchmarks for ACER from a measurement perspec-

tive. Rather, the analysis supports the notion that the information content summarized by

ACER is economically relevant.

5 Extension 1: The Allocation of Processing Resources

In this section, we demonstrate how the entropy measure can be useful in investigating

empirical questions. Specifically, we use ACER to examine how financial analysts allocation

information processing resources in response to accounting information. We first provide the

conceptual background and then discuss the analysis and results.

5.1 Conceptual Underpinnings

In a recent review, Blankespoor, deHaan, and Marinovic (2020) identify the cost of pro-

cessing information as a key friction in capital markets, highlighting the importance of un-

derstanding to what extent processing resources are efficiently allocated. A natural question

is how this resource allocation responds to the amount of information in financial state-

ments. Theories of limited attention posit that rational information users should prioritize

the allocation of processing capacity to information with the lowest opportunity costs (Peng,

2005). Assuming the marginal benefit of processing is increasing in the amount of unpro-

cessed information, disclosure with higher total amount of information should receive more

processing resources. Similarly, regulators may prefer disclosures with a greater amount of

raw information to receive more processing, so that the processed information is useful to

end users. On the other hand, certain market frictions can prevent the processing capacity

from responding to the amount of information to be processed, such as adjustment costs and
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various agency conflicts in information intermediaries (e.g., Groysberg, Healy, and Maber,

2011).

Empirically examining this relationship requires a method for quantifying the amount of

information in financial statements to be processed, as well as a setting that allows researchers

to observe the allocation of processing capacity. ACER is well-suited for this application

because it directly quantifies a key aspect of financial statement information. In particular,

ACER is an internal measure, meaning that it is not influenced by the extent to which

the information has been processed or integrated into stock prices. This feature allows the

entropy approach to avoid potential reverse causality concerns associated with using proxies

involving stock price or other market indicators. For demonstration purposes, we continue

to use ACER Rank described in Section 4.2 as the main independent variable.

To capture the allocation of processing resources, we use the coverage of sell-side analysts

as the empirical setting. This setting aligns well with our purpose for several reasons. First,

analysts are influential information intermediaries that are often regarded as sophisticated

users of accounting information (Kothari, So, and Verdi, 2016). Second, previous studies find

that coverage and forecast decisions involve trade-offs associated with allocating processing

resources (e.g., Harford, Jiang, Wang, and Xie, 2019; Lee and So, 2017). Third, whether

and how analysts respond to variations in the amount of accounting information is ex ante

unclear and ultimately an empirical question. While the classic framework without agency

conflicts predicts a positive association between the amount of information and processing

capacity, analysts’ personal incentives may induce countervailing forces.

5.2 Empirical Results

Our summary measure of analyst processing capacity is based on variations in earnings

forecast coverage and frequency. We start from the firm-level total coverage in Lee and So

(2017), defined as the number of unique combinations of analyst and earnings forecasting

period (“FP”) in a 90-day window. In addition, we incorporate the number of forecast
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revisions for each analyst-FP pair, as the frequency of revision is also an economically mean-

ingful dimension of processing capacity (Harford et al., 2019). We define APC (Analyst

Processing Capacity) as the natural logarithm of unique combinations of analyst, FP, and

forecast revisions. For each firm-quarter, we measure APC for a 90-day window around the

release date of the corresponding 10-K or 10-Q.13 In further analysis, we break down APC

into its three key components: the number of unique analysts (ANA), the average number

of FP per analyst (PER), and the average number of forecast revisions per analyst-FP pair

(REV , which captures variations in revision frequency). Similar to the construct of APC,

we apply the natural logarithm to these three variables.

We estimate the following regression model

AnalystV ari,q =β1ACER Ranki,q + ΓControlsi,q + µi + δq + ϵi,q, (3)

where AnalystV ari,q is one of the four analyst variables described above. Other variables

are defined in the same way as in equation (2). In estimating equation (3), we include the

full set of control variables to account for observed firm characteristics that may explain

the coverage and frequency of analyst forecasts. In addition, we use both firm fixed effects

(µi) and quarter fixed effects (δq) to mitigate potential confounding effects from unobserved

time-invariant firm characteristics and aggregate shocks. Standard errors are clustered by

firm and quarter.

Table 4 reports the results of estimating equation (3). Column (1) shows that APC, the

summary measure of analyst processing capacity, is positively associated with ACER Rank.

This result is consistent with the notion that analysts allocate more processing resources as

the amount of information in the financial statement increases. To further investigate which

dimension(s) of the analyst processing capacity respond to information changes, we decom-

13Wemeasure APC using 90-day windows, in line with the typical length of a fiscal quarter. This approach
aligns with prior research (e.g., Lee and So, 2017), which employed similar time frames to construct analyst
coverage. The window is centered on the release dates of accounting reports to account for the gradual
arrival and processing of the information contained in the reports before and after their releases.
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pose APC into its three components described above: ANA, PER, and REV . Column (2)

shows that the number of unique analysts following the firm is positively associated with

ACER Rank, but the association is only marginally significant. In columns (3) and (4), we

find that both the average number of forecast periods and the average frequency of revisions

respond positively and significantly to ACER Rank.

Overall, the results suggest that financial analyst allocate their processing capacities in

a way consistent with economic intuitions. While the amount of information to be pro-

cessed does not substantially alter which firms analysts choose to cover, it does influence

how analysts allocate processing capacities within their coverage. As a firm’s ACER in-

creases, analysts devote more attention to that firm by extending their forecasting horizons

and issuing more frequent revisions. Consequently, the total analyst processing capacity is

positively associated with the amount of accounting information captured by ACER.

6 Extension 2: ACE within Accounting Structure

In our analysis so far, we apply the concept of relative entropy to quantify information

updates in financial statements. Our findings suggest that ACER is associated with capital

market reactions to financial statement releases and helps explain how analysts allocate their

processing capacity. In this section, we present a separate, standalone extension of the ACE

framework introduced in Section 3 to incorporate a richer accounting structure with dual

classifications (e.g., balance sheet with a side of assets and a side of funding sources, including

liabilities and stockholders’ equities).

Specifically, we employ Mutual Information, a key construct from information theory, to

quantify the information embedded in the balance sheet structure. A main takeaway from

our analysis is that, because accounting structure imposes a connection between different

classifications, the structure itself contains information beyond the information conveyed in

the classifications. We then explore an empirical application—standalone from the analyses
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in Sections 4 and 5—that quantifies the information conveyed by accounting structure. Our

descriptive evidence shows that the information in the accounting structure varies meaning-

fully with firm characteristics and economic trends discussed in the literature.

6.1 An Information-Theoretic Framework of Dual-Classification

Accounting Structure

Mutual Information

Definition 4 (Mutual Information) Consider two random variables {X, Y } with a joint

distribution p(x, y) and marginal probability mass functions p(x) and p(y). The mutual

information I(X;Y ) is the relative entropy between the joint distribution and the product

distribution p(x)p(y):

I(X;Y ) = D(p(x, y)||p(x)p(y)) =
∑
X∈X

∑
y∈Y

p(x, y) log
p(x, y)

p(x)p(y)
.

Shannon (1948) shows that the mutual information I(X;Y ) measures the reduction in the

uncertainty of X due to the knowledge of Y , and vice versa:

I(X;Y ) = H(X)−H(X|Y ) = H(Y )−H(Y |X) ≥ 0,

with the inequality strict if and only if X and Y are independent. Intuitively, the distance

(in the sense of K-L divergence) between the joint distribution p(x, y) and the product

distribution p(x)p(y) is 0 if X and Y are independent, whereas this distance is bigger when X

and Y are more dependent of each other. In addition, using H(X, Y ) = H(X)+H(Y |X) (see

Footnote 5), we note the following relationship between Entropy and Mutual Information,

which will play an instrumental role in characterizing the information of accounting structure:

I(X;Y ) = H(X) + H(Y ) − H(X, Y ). (4)
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We also illustrate this relationship in the following Venn diagram in Figure 1a. The Venn

diagram shows well that the mutual information I(X;Y ) represents the intersection of the

information in X with the information in Y (Cover and Thomas, 2006).

Balance Sheet Accounting Structure What accounting structure is embedded in fi-

nancial statements? Financial statements provide more information than a one-dimensional

list of balances. For instance, consider a firm’s balance sheet with an asset side and a funding

source (liabilities and stockholders’ equity) side. Motivated by Feltham and Ohlson (1995),

Penman (2013) and Nissim (2022) (hereinafter referred to as the “PN classification”) propose

one way to reformulate balance sheet classification, which decomposes the balance sheet by

economic function (operating vs. financing). Published balance sheets are usually classi-

fied into horizon (current and long-term) categories, which is useful for credit analysis. In

contrast, the function-based classification provides information about assets and liabilities

used in the business of selling to customers or financing the business. The operating assets

are preferentially funded by operating liabilities (net operating assets), and financing assets

are preferentially funded by financing liabilities (net financing assets, or net debt). The

cross-classification yields four asset types, short-term operating assets (STOA), long-term

operating assets (LTOA), short-term financing assets (STFA), and long-term financing assets

(LTFA), and five funding sources, short-term operating liabilities (STOL), long-term operat-

ing liabilities (LTOL), short-term financing liabilities (STFL), long-term financing liabilities

(LTFL), and equity (Eq). Table A.1 Panel A is an illustrative example of the marginal

distribution of Nvidia’s balance sheet for the fiscal year ended January 29, 2023, using the

combination of PN classification (by economic function) and horizon classification.

Mutual Information as Measure of Accounting Structure Information Our main

analysis in Proposition 1 lends some support to generalizing the notion of entropy to measure

the information in financial account classification, thereby yielding the measure of Account-

ing Classification Entropy (ACE). To illustrate, a firm classifies the assets into n line-items,
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where the fractions of the assets’ balances are represented by the vector A = [A1, A2, ...An]
′

with
∑n

i=1 Ai = 1. The firm also classifies the funding sources into m line-items, where

the fractions of the items’ balances are represented by the vector F = [F1, F2, ...Fm]
′ with∑m

j=1 Fj = 1.

Under the classification {A,F } of both the assets and funding sources, one may propose

the summary measure of accounting classification information as Hn(A)+Hm(F ) using the

additive property of entropy. Nonetheless, the sum Hn(A)+Hm(F ) generally overstates the

amount of information in the classification of assets and funding sources. The reason is that

the structure of accounting systems connects the firm’s asset classification A to its funding

source classification F ; hence the two classifications are not independent. To appreciate the

“joint distribution” of the two sides of the balance sheet, consider again the example of the

function-horizon dual classification. The first connection between the classifications stems

from the basic accounting identity that, at the aggregate level, the assets must be supported

by the funding sources:

STOA+ LTOA+ STFA+ LTFA = STOL+ LTOL+ STFL+ LTFL+ Eq.

Second, along the two dimensions of classification, each category of assets should be sup-

ported by the corresponding category of funding sources in a priority sequence, reflecting

both the accounting identity and real-world financing logic. Operating (financing) assets are

first funded by operating (financing) liabilities, and then equity. In addition, the firm should

turn to less liquid sources to fund short-term assets only when they are insufficiently funded

by short-term liabilities.

Specifically, using the ACE measure, we compute the information in the dual classifica-

tions of assets and funding sources {A,F } as follows:

H(A,F ) = −
n∑

i=1

m∑
j=1

AiQij log(AiQij).
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The vector Qi = [Qi1, Qi2, ...Qim]
′ represents the fractions of asset i that are supported

by the set of funding sources j ∈ {1, 2, ...m}, where
∑m

j=1Qij ≡ 1 for any i ∈ {1, 2, ...n}.

Utilizing the relationship between mutual information and entropy specified in Equation (4)

yields:

I(A;F ) = Hn(A) +Hm(F )−H(A,F ) ≥ 0. (5)

That is, recognizing the connection between the assets and the funding sources under ac-

counting structure, an observer learns less information H(A,F ) from the dual classifications

of assets and funding sources than the sum of the information in the classifications of as-

sets and in the funding sources, Hn(A) + Hm(F ). Equation (5) shows that the difference

between the two represents the information that is already embedded in the accounting

structure, which is measured by the mutual information I(A;F ). We illustrate Equation

(5) graphically in the Venn diagram in Figure 1b.

To appreciate the mutual-information measure of accounting structure information, sup-

pose that accounting structure implies no connection on the classification of financial ac-

counts such that each asset i is funded by the funding sources in proportion to the funding

sources’ sizes, i.e., Qij ≡ Fj for any pair of {i, j}. It is straightforward to obtain that:

H(A,F ) = Hn(A) + Hm(F ) =⇒ I(A;F ) = 0.

Since there is no relationship between assets and funding sources, the information in observ-

ing the two classifications jointly is simply the sum of the information in observing the two

separately.

In contrast, accounting structure specifies a link between assets and funding sources.

Recall that in the example of the function-horizon dual classification, an asset i is more

likely to be funded by a funding source with a similar horizon and function (e.g., short-term

operating assets are first funded by short-term operating liabilities). Accordingly, Qij ̸=

Fj for at least some {i, j}. Leveraging their knowledge of accounting structure, observers
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of the asset classification A are able to infer some information about the funding source

classification F , even before observing the latter. For instance, upon learning that the firm

holds a significant amount of short-term operating liabilities, an observer infers that the

firm should hold a corresponding amount of short-term operating assets in order to avoid

liquidity concerns. Equation (5) suggests that the mutual information measure quantifies

the amount of information in the accounting structure.

Structured Balance Sheet Example Refer back to Nvidia’s example of its marginal

distribution of the balance sheet in Table A.1 Panel A. Although each side sums to 100%,

these separate distributions alone do not reveal the accounting structure embedded in balance

sheets–namely, how a particular combination of liabilities or equity funds any specific asset.

Once asset and liability/equity categories are identified, we apply a structured allocation

rule that combines the function-horizon classification. Specifically, we use an “inventory-

clearing” algorithm to allocate funding sources to asset uses in a priority sequence: operating

assets are first funded by operating liabilities (short-term first, then long-term), then equity.

Financing assets are funded by financing liabilities (short-term first, then long-term), then

equity. Economically, the firm has to turn to less liquid sources to fund short-term assets if

it is not sufficiently funded by short-term liabilities. Figure 1c is a graphical representation

of this process.

This approach generates a 4×5 joint balance sheet assuming the accounting structure,

which can be normalized by total assets. Nvidia’s reformulated balance sheet using account-

ing structure, presented in raw amounts and proportions normalized by total assets in Panels

B and C of Table A.1, respectively.

Benchmark: Unstructured Balance Sheet A natural way to benchmark the effect

of accounting structure is to construct a naive balance sheet assuming independence: each

asset category is funded by liabilities/equity in proportion to its overall shares. Formally,
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this implies

P indep(Ai, Fj) = P (Ai) · P (Fj)

where P (Ai) is the fraction of total assets in category Ai, and P (Fj) is the fraction of total

liabilities and equity in category Fj. Under this assumption, there is no consideration for

accounting structure or economically meaningful dependence between asset categories and

funding categories. Instead, this unstructured balance sheet can serve as a null hypothesis

of purely random allocation, where each asset is equally likely to be funded by any liability

or equity source. Table A.1 Panel D is Nvidia’s balance sheet under the independence

assumption, which is the outer product of the marginal distributions in Panel A.

By construction, the mutual information in Equation (5) is zero:

I(A;F ) = Hn(A) +Hm(F )−H(A,F ) = 0,

since the joint entropy H(A,F ) attains its maximum when the marginals are independent,

where I(A;F ) = 0 due to the lack of dependence between assets and funding sources.

Consequently, any observed deviation from this benchmark (I(A;F ) ≥ 0)can be in-

terpreted as evidence of information restrictions imposed by the accounting classification

system. For instance, the accounting knowledge that operating assets are more likely to be

funded by operating liabilities than any other funding sources introduces systematic depen-

dence that reduces joint entropy and generates positive mutual information.

6.2 Empirical Analysis of Accounting Structure Information

In this section, we apply the PN classification to construct joint balance sheets for firms

in the Compustat database. For each balance sheet, we compute the ACE of both the un-

structured balance sheet (assuming independence between assets and funding sources) and

the balance sheet assuming accounting structure, and use their difference (Mutual Informa-

tion) to quantify the information embedded in the accounting structure. We also present
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descriptive evidence on how this structural information varies with firm characteristics.

Figure 2 presents the distributions of firm-quarter ACE measures under two different

assumptions: (i) accounting structure in the joint balance sheet (structured entropy), and (ii)

independence between assets and liabilities/equity (unstructured entropy). The distributions

are displayed as histograms at the firm-quarter level. When comparing the distributions

of Panel B (unstructured entropy) to Panel A (structured entropy), the distribution for

Panel B is shifted visibly further to the right, implying greater uncertainty when assets and

liabilities/equity are assumed independent. Because no systematic link is imposed using the

accounting structure, the joint distribution is more diffuse, increasing entropy.

Panel C shows the mutual information, calculated by the difference between the unstruc-

tured entropy and structured entropy at the firm-quarter level as shown in Equation (5).

This distribution is greater than or equal to zero, highlighting that the accounting structure

indeed restricts uncertainty. Panel D shows a relative comparison by calculating the ratio

of structured entropy divided by unstructured entropy. Most values lie between 0.3 and 0.8,

suggesting that a substantial fraction of uncertainty is eliminated by imposing the structural

connections between accounting classifications.

Taken together, Figure 2 shows that the accounting structure lowers entropy compared

to an unstructured, independence-based approach. On average, mutual information is signif-

icantly positive, corroborating the idea that knowing the asset category restricts information

about how it is funded (and vice versa).

A key question in accounting research is how the role of accounting information evolves

over time, particularly as the nature of business undergoes significant transformation (Core

et al., 2003; Barth et al., 2023). We illustrate how our approach can contribute to this

question by quantifying the information embedded in accounting structures across three

dimensions: firm size, firm age, and an indicator for whether a firm belongs to the “new

economy.” This analysis provides insight into how the informational role of existing account-

ing structure varies with firm characteristics and broader economic shifts.
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Table 5 provides descriptive statistics of the same entropy measures, partitioned by total

assets, firm age, and economy type (new vs. old). For firm age, we use the IPO date as the

first date of the firm’s birth. Following Core et al. (2003) and Barth et al. (2023), we use

the industry classification by Francis and Schipper (1999). For each subgroup, we report the

mean, median, and standard deviation of the structured entropy, unstructured entropy, and

their difference, which is mutual information.

In Panels A and B, we find that the larger and older firms show a significantly higher

value of the accounting structure, measured by mutual information. Intuitively, mutual

information would be greater for larger and older firms, as these firms are more likely to have

diverse funding from different sources of assets and liabilities, thus more likely to benefit from

the use of accounting structure to reduce uncertainty. In contrast, younger and smaller firms

have simpler funding structures, resulting in a smaller gap between structured assumptions

and independence.

In panel C, we show that “Old Economy” firms exhibit significantly larger reduction in

entropy than “New Economy” firms. This aligns with the intuition that traditional indus-

tries with tangible assets and standardized capital structures fit better within the classic

function/horizon classification scheme, whereas “New Economy” firms’ balance sheets may

not align as neatly with traditional accounting classifications.

Collectively, these results confirm the central hypothesis that accounting structure mean-

ingfully constrains the asset-liability pairing, thereby reducing joint entropy. The degree of

mutual information varies systematically with firm characteristics: larger, older, and more

traditional firms tend to exhibit greater mutual information when leveraging accounting clas-

sifications in the balance sheet. In contrast, smaller, younger, or less traditional firms show a

less pronounced pattern, suggesting that conventional accounting structures may embed less

information in these settings. One interpretation is that younger, smaller, or new economy

firms tend to operate with less conventional business models and more intangible assets,

which may not map cleanly onto traditional accounting classification frameworks. Another
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possibility is that these firms use more flexible or unstructured financing arrangements, which

may lead to a weaker relationship between assets and funding sources.

These findings highlight that the information relevance of accounting structure is not

uniform across firms. The observed heterogeneity has implications for regulators and prac-

titioners concerned with how effectively existing financial statement structures capture the

underlying economic substance across different firms and industries. While standard-setters

recognize the need to account for the varying informativeness of accounting structure across

different types of firms, such as economic shifts toward knowledge-intensive business mod-

els, such considerations have been difficult to quantify systematically. Our entropy-based

framework offers a potential solution by translating these abstract concerns about structural

informativeness into measurable summary statistics.

7 Conclusions

We develop an entropy-based framework to quantify the structural dimension of financial

statements. Inspired by Shannon (1948)’s information theory and Theil (1969)’s application

insight, we formalize how accounting classifications convey information and derive a suite

of two internal summary measures, ACE and ACER. These measures provide a mathemati-

cally consistent representation of the information embedded in the classification structure of

financial statement numbers. Using balance sheet data, we find that ACER is significantly

associated with market based proxies such as stock returns and trading volume, suggesting

that it captures economically relevant information contained in accounting classifications.

Our first extension further demonstrates that ACER helps explain how information pro-

cessing capacity is allocated across firms, suggesting that the measure can serve as a useful

input for answering empirical questions on information processing. In the second extension,

we incorporate dual classification structure of the balance sheet and apply the concept of

mutual information to measure the information conveyed by balance sheet structure itself.
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The results indicate that conventional balance sheet structures convey greater informational

content for established firms than for younger or new-economy firms.

Taken together, our study shows that information theory offers a rigorous yet practi-

cal foundation for quantifying the structural dimension of accounting information. Our

framework complements existing empirical approaches and provides a new perspective for

analyzing how financial statements represent and convey information about the firm.
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Variable Definition

Variable Definition

ACER
The relative entropy of the standardized asset account classification from quarter
q − 4 to q.

ACER Rank The decile rank of ACER.

ACAR
The absolute value of the cumulative abnormal return in the [0,+3] window sur-
rounding the filing of 10-K or 10-Q. Daily abnormal returns are calculated based on
the Fama-French five factor model. A value of 1 represents 1%.

AMR(k)
The absolute value of the monthly abnormal return in the kth month after the filing
of 10-K or 10-Q. Monthly abnormal returns are calculated based on the Fama-French
five factor model. A value of 1 represents 1%.

Volume
The average daily trading volume scaled by the number of shares outstanding in the
[0,+3] window surrounding the filing of 10-K or 10-Q. A value of 1 represents 1%.

ASDE
The absolute value of seasonally differenced earnings, defined as the income before
extraordinary Items of quarter q minus that of quarter q − 4, scaled by the market
value of equity at the beginning of quarter q.

ASDE Rank The decile rank of ASDE.

Size The natural logarithm of total book assets.

BM The ratio of the book value of equity to its market value.

Lev The ratio of total debts to total book assets.

SG The seasonal percentage change in quarterly revenue.

RD The quarterly research and development expense.

CapEx The quarterly capital expenditure.

StdRet
The standard deviation of daily return in trading days [-252, -6] prior the the filing
of 10-K or 10-Q.

AbsRet
The absolute value of average daily return in trading days [-252, -6] prior the the
filing of 10-K or 10-Q.
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Variable Definition

APC
The summary measure of analyst processing capacity, define as the natural logarithm
of the number of unique analyst-FP-forecast combinations for firm i measured in
the [-45, +45] window centered on the filing of 10-K or 10-Q.

ANA
The natural logarithm of the number of unique analysts making at least one forecast
for firm i in the [-45, +45] window centered on the filing of 10-K or 10-Q.

PER

The natural logarithm of the average number of forecasting periods of the analysts
making at least one forecast for firm i in the [-45, +45] window centered on the filing
of 10-K or 10-Q. For example, if an analyst made EPS forecast for firm i’s next two
quarters and next fiscal year, her number of forecasting periods for firm i is 3.

REV
The natural logarithm of the average number of forecasts for each analyst-FP com-
bination of firm i in the [-45, +45] window centered on the filing of 10-K or 10-Q.
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(a) The Relationship between Mutual Information and Entropy

(b) Accounting Structure Information and Dual Asset-Funding Classifications

(c) Inventory-clearing Algorithm for Asset Funding Relationship

Figure 1: Venn Diagram: Mutual Information and Entropy Relationship in Ac-
counting Structure
Figure 1a illustrates the relationship between mutual information I(X;Y ) and entropyH(X)
and H(Y ). Graphically, the intersection of the information in X with the information Y
represents the mutual information I(X;Y ), and this intersection increases as X and Y are
more dependent on each other. Figure 1b applies this to the accounting structure embed-
ded in the funding relationship within balance sheets (assets A and funding sources F ).
The accounting structure creates dependence between assets and funding sources classifi-
cation; therefore, the mutual information I(A;F ) quantifies the amount of information in
the accounting structure. Figure 1c is a graphical representation of the “inventory-clearing”
algorithm to allocate funding sources to asset uses in priority sequence: operating/financing
assets are first funded by operating/financing liabilities (short-term first, then long-term),
then equity.
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Figure 2: Distribution of Joint Entropy, Mutual Information, and Entropy Ratio
Panels A and B show the histogram of firm-quarter joint balance sheets’ joint entropy as-
suming accounting structure and assuming independence, respectively. Panel C shows the
mutual information, as defined as the difference between the firm-quarter’s independent and
accounting-structure-based balance sheets’ joint entropy. Panel D shows the ratio of the joint
entropy of joint balance sheets assuming accounting structure, divided by the joint entropy
of joint balance sheets assuming independence.
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Table 1: Summary Statistics
This table reports the summary statistics and correlation matrices of the variables in the
analysis. Panel A reports the number of observations and distribution properties of key
dependent and independent variables. Panels B, C, and D report correlation matrices for
market indicators, firm characteristics, and analyst coverage variables, respectively.

Panel A: Summary Statistics

Variables N Mean S.D. 25% Median 75%

ACER 246,481 0.072 0.133 0.009 0.024 0.069
ACER Rank 246,481 5.500 2.872 3 5 8
ACAR 246,481 4.604 5.425 1.113 2.710 5.918
AMR1 243,966 10.593 11.344 3.020 6.921 13.894
AMR2 240,855 11.165 11.869 3.231 7.391 14.683
Volume 246,454 0.971 1.291 0.215 0.544 1.175
ASDE 233,713 0.028 0.058 0.003 0.008 0.023
ASDE Rank 233,713 5.426 2.861 3 5 8
Size 233,713 6.116 1.982 4.622 6.013 7.482
BM 233,713 0.612 0.546 0.269 0.468 0.761
Lev 233,713 0.216 0.189 0.028 0.193 0.350
SG 233,713 0.151 0.459 -0.035 0.074 0.221
RD 233,713 0.013 0.025 0 0 0.016
CapEx 233,713 0.014 0.017 0.004 0.008 0.017
StdRet 233,713 3.114 1.949 1.735 2.586 3.930
AbsRet 233,713 0.165 0.160 0.055 0.118 0.220
APC 188,674 3.470 1.193 2.639 3.555 4.344
ANA 188,674 1.869 0.757 1.386 1.792 2.398
PER 188,674 1.603 0.351 1.386 1.674 1.856
REV 188,674 0.933 0.156 0.823 0.908 1.021
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Panel B: Correlation with Market Variables

ACER Rank ACAR AMR1 AMR2 Volume

ACER Rank 1.000
ACAR 0.142 1.000
AMR1 0.174 0.210 1.000
AMR2 0.167 0.188 0.290 1.000
Volume 0.106 0.351 0.071 0.064 1.000

Panel C: Correlation with Firm Characteristics

ACER Rank ASDE Rank Size BM Lev SG RD CapEx StdRet AbsRet

ACER Rank 1.000
ASDE Rank 0.198 1.000
Size -0.265 -0.251 1.000
BM -0.015 0.363 -0.134 1.000
Lev -0.134 0.086 0.340 0.043 1.000
SG 0.164 -0.034 -0.041 -0.153 -0.013 1.000
RD 0.178 0.086 -0.281 -0.193 -0.268 0.101 1.000
CapEx 0.026 -0.042 0.025 -0.086 0.054 0.111 -0.100 1.000
StdRet 0.289 0.418 -0.588 0.290 -0.066 0.038 0.244 -0.037 1.000
AbsRet 0.190 0.234 -0.247 0.035 -0.039 0.128 0.148 0.006 0.512 1.000

Panel D: Correlation with Analyst Variables

ACER Rank APC ANA PER REV

ACER Rank 1.000
APC -0.083 1.000
ANA -0.120 0.900 1.000
PER 0.018 0.607 0.249 1.000
REV 0.000 0.534 0.293 0.340 1.000
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Table 2: Accounting Entropy and Event-window Return
This table reports the results from the OLS regression relating the Accounting Entropy
and short-window unsigned stock return around the filing of 10-K and 10-Q. ACAR is the
absolute value of the cumulative abnormal return in the [0,+3] window surrounding the
filing of 10-K or 10-Q. ACER Rank is the decile rank of Accounting Entropy based on the
standardized asset accounts from quarter q − 4 to q. Standard errors are clustered by firm
and quarter. T-statistics are reported in parentheses. ***, **, and * denote significance at
the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4)
Variables ACAR ACAR ACAR ACAR

ACER Rank 0.270*** 0.076*** 0.055*** 0.022***
(30.04) (10.30) (13.75) (5.07)

ASDE Rank 0.097*** 0.088*** 0.066***
(11.63) (14.03) (10.79)

Size -0.064*** -0.192*** -0.190***
(-2.63) (-14.19) (-4.99)

BM 0.303*** 0.283*** 0.540***
(4.99) (7.06) (8.86)

Lev 1.063*** 0.896*** 1.469***
(6.15) (9.46) (8.81)

SG 0.131*** 0.171*** 0.088**
(2.96) (4.97) (2.28)

RD 4.535*** 0.955 1.907
(4.57) (1.46) (1.52)

CapEx -5.001*** 1.825** 2.710***
(-3.43) (2.45) (2.70)

StdRet 0.693*** 0.747*** 0.539***
(22.33) (38.33) (22.52)

AbsRet 1.738*** 1.761*** 1.687***
(6.44) (8.30) (8.96)

Observations 246,481 233,713 233,713 233,164
Adjusted R-squared 0.020 0.126 0.164 0.218
Firm FE No No No Yes
Quarter FE No No Yes Yes
Two-way Clustering Yes Yes Yes Yes
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Table 3: Accounting Entropy and Trading Volume
This table reports the results from the OLS regression relating the Accounting Entropy
and short-window Volume around the filing of 10-K and 10-Q. V olume is the average daily
trading volume scaled by the number of shares outstanding in the [0,+3] window surrounding
the filing of 10-K or 10-Q. ACER Rank is the decile rank of Accounting Entropy based on
the standardized asset accounts from quarter q − 4 to q. Standard errors are clustered by
firm and quarter. T-statistics are reported in parentheses. ***, **, and * denote significance
at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4)
Variables Volume Volume Volume Volume

ACER Rank 0.047*** 0.042*** 0.034*** 0.013***
(12.62) (15.22) (16.29) (10.94)

ASDE Rank 0.021*** 0.012*** 0.007***
(7.59) (5.28) (4.54)

Size 0.213*** 0.179*** 0.236***
(20.73) (18.20) (14.66)

BM -0.204*** -0.193*** -0.183***
(-10.27) (-11.47) (-9.54)

Lev -0.399*** -0.368*** -0.024
(-6.08) (-7.26) (-0.40)

SG 0.120*** 0.159*** 0.094***
(8.72) (14.43) (9.92)

RD 3.267*** 2.082*** -0.223
(7.70) (5.70) (-0.61)

CapEx 1.285** 4.056*** 2.230***
(2.27) (8.72) (6.90)

StdRet 0.075*** 0.128*** 0.124***
(5.19) (10.60) (11.04)

AbsRet 1.294*** 1.228*** 0.947***
(18.21) (20.00) (22.21)

Observations 246,454 233,689 233,689 233,140
Adjusted R-squared 0.011 0.117 0.186 0.418
Firm FE No No No Yes
Quarter FE No No Yes Yes
Two-way Clustering Yes Yes Yes Yes
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Table 4: Accounting Entropy and Analyst Processing Capacity
This table reports the results from the OLS regression relating the Accounting Entropy and
measures of analyst coverage. APC is the summary measure of analyst coverage, defined as
the natural logarithm of the number of unique analyst-FP-forecast combinations for a given
firm measured in the [-45, +45] window centered on the filing of 10-K or 10-Q. ANA is the
natural logarithm of the number of unique analysts; PER is the natural logarithm of the
average number of forecasting periods of the covering analysts; REV is the natural logarithm
of the average number of forecasts for each analyst-FP combination. ACER Rank is the
decile rank of Accounting Entropy based on the standardized asset accounts from quarter
q − 4 to q. Standard errors are clustered by firm and quarter. T-statistics are reported in
parentheses. ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4)
Variables APC ANA PER REV

ACER Rank 0.007*** 0.001* 0.003*** 0.001***
(6.73) (1.72) (6.76) (8.10)

ASDE Rank -0.006*** -0.009*** 0.003*** 0.001***
(-5.84) (-16.08) (7.44) (6.20)

Size 0.506*** 0.360*** 0.030*** 0.029***
(37.91) (43.18) (8.30) (17.26)

BM -0.437*** -0.249*** -0.074*** -0.026***
(-24.39) (-22.37) (-14.38) (-11.48)

Lev -0.437*** -0.271*** -0.075*** -0.018***
(-9.67) (-9.25) (-5.86) (-3.32)

SG 0.044*** 0.007 0.023*** 0.004***
(5.56) (1.51) (9.09) (3.43)

RD 1.711*** 0.657*** 0.643*** 0.118***
(6.78) (4.24) (6.49) (3.31)

CapEx 3.674*** 1.547*** 0.874*** 0.437***
(13.80) (9.62) (9.80) (10.09)

StdRet 0.007 -0.006 0.006*** 0.006***
(1.27) (-1.63) (3.48) (5.85)

AbsRet 0.058* -0.053*** 0.061*** 0.025***
(1.74) (-2.75) (6.64) (4.40)

Observations 181,406 181,406 181,406 181,406
Adjusted R-squared 0.723 0.813 0.439 0.304
Firm FE Yes Yes Yes Yes
Quarter FE Yes Yes Yes Yes
Two-way Clustering Yes Yes Yes Yes
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Table 5: Information Contained in the Balance Sheet Structure
This table reports descriptive statistics of the structured entropy, unstructured entropy, and
mutual information for different subgroups of firms. Structured entropy is the balance sheet
entropy computed under the accounting structure, where assets are allocated to funding
sources following a priority sequence based on function (operating vs. financing) and horizon
(short-term vs. long-term). Unstructured entropy is the balance sheet entropy assuming no
accounting structure, where each asset classification is funded proportionally by all funding
sources. Mutual information is the difference between unstructured entropy and structured
entropy, measuring the information gain attributable to the balance sheet structure. Panel
A partitions the sample by total asset quintiles, Panel B by age quintiles using each firm’s
IPO Date as the age start date, and Panel C by economy type. For each subgroup, we
present the mean, median, and standard deviation of these three entropy measures. The rows
labeled “Largest – Smallest”, “Oldest – Youngest” and “Old – New” report the differences in
mean and corresponding t-statistics comparing the respective groups. ***, **, and * denote
statistical significance at the 1%, 5%, and 10% levels, respectively.

Structured Entropy Unstructured Entropy Mutual Information

Mean S.D. Mean S.D. Mean S.D.

Panel A: Size Quintile

1 (Smallest) 1.508 0.569 2.188 0.719 0.677 0.396
2 1.584 0.520 2.326 0.673 0.738 0.399
3 1.637 0.451 2.561 0.550 0.922 0.388
4 1.612 0.445 2.695 0.495 1.087 0.325
5 (Largest) 1.588 0.419 2.753 0.463 1.167 0.291

Largest- Smallest 0.490*** (215.814)

Panel B: Age Quintile

1 (Youngest) 1.381 0.623 2.096 0.853 0.724 0.419
2 1.519 0.540 2.392 0.641 0.876 0.394
3 1.602 0.481 2.504 0.579 0.902 0.389
4 1.671 0.434 2.576 0.519 0.902 0.396
5 (Oldest) 1.710 0.389 2.655 0.458 0.943 0.400

Oldest - Youngest 0.219*** (61.531)

Panel C: Economy Type

New Economy 1.599 0.545 2.381 0.702 0.775 0.392
Old Economy 1.649 0.347 2.838 0.425 1.190 0.267
Other 1.577 0.456 2.563 0.575 0.987 0.399

Old - New 0.415*** (69.701)
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Appendix A: Illustrative Example Using Nvidia’s

Balance Sheet

Table A.1: Nvidia Balance Sheet: Marginal and Joint Distributions
This table presents Nvidia’s balance sheet for the fiscal year ended January 29, 2023, using
the Penman-Nissim (PN) classification combining economic function (operating vs. financ-
ing) and horizon (short-term vs. long-term). Panel A shows the marginal distributions
of assets and liabilities plus equity. Panel B presents the structured balance sheet in dollar
amounts using an inventory-clearing algorithm that allocates funding sources to assets based
on matching function and horizon priorities. Panel C shows the same structured allocation
as percentages of total assets. Panel D presents the unstructured balance sheet, assuming
each asset is funded proportionally to the overall distribution of funding sources, serving as
a benchmark for comparison.

Panel A: Marginal Balance Sheets

Assets USD m Prob(%) Liab USD m Prob(%)

STOA 9,777 23.7% STOL 5,313 12.9%
STFA 13,296 32.3% STFL 1,250 3.0%
LTOA 18,109 44.0% LTOL 1,913 4.6%
LTFA - 0.0% LTFL 10,605 25.8%

Eq 22,101 53.7%

Total 41,182 100.0% Total 41,182 100.0%

Panel B: Structured BS - Amount (USD m)

Liabilities + Equity
Assets STOL STFL LTOL LTFL Eq Sum

STOA 5,313 - 1,913 - 2,551 9,777
STFA - 1,250 - 10,605 1,441 13,296
LTOA - - - - 18,109 18,109
LTFA - - - - - -

Sum 5,313 1,250 1,913 10,605 22,101 41,182
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Table A.1: Nvidia Balance Sheet: Marginal and Joint Distributions (continued)

Panel C: Structured BS - Asset Weighted (%)

Liabilities + Equity
Assets STOL STFL LTOL LTFL Eq Sum

STOA 12.9% 0.0% 4.6% 0.0% 6.2% 23.7%
STFA 0.0% 3.0% 0.0% 25.8% 3.5% 32.3%
LTOA 0.0% 0.0% 0.0% 0.0% 44.0% 44.0%
LTFA 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

Sum 12.9% 3.0% 4.6% 25.8% 53.7% 100.0%

Panel D: Unstructured BS (%)

Liabilities + Equity
Assets STOL STFL LTOL LTFL Eq Sum

STOA 3.06% 0.72% 1.10% 6.11% 12.74% 23.73%
STFA 4.17% 0.98% 1.50% 8.31% 17.33% 32.29%
LTOA 5.67% 1.33% 2.04% 11.32% 23.60% 43.96%
LTFA 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

Sum 12.90% 3.03% 4.64% 25.74% 53.67% 100.0%
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Appendix B: Additional Application – Structural

Change in Executive Compensation

In this appendix, we illustrate how the concept of relative entropy can be applied to con-

struct summary measures in other settings. Specifically, we propose compensation structure

divergence (CSD) as a measure for the change in the composition of executive pay packages.

We then use CSD to investigate the relationship between Say-on-Pay (SOP) votes and future

changes in compensation structure.

The executive pay literature often investigates two aspects of compensation policies: pay

level and pay structure (Edmans et al., 2017). Studies examining the influence of SOP votes

on compensation practices typically focus on pay level, likely for two reasons. First, the

pay level, being a scalar variable, is relatively easy to measure. Second, there is a natural

prediction regarding how SOP votes affect pay level: assuming shareholders are concerned

with excessive pay, firms tend to reduce pay levels if they respond to high SOP dissent.

In contrast, investigating the influence of SOP votes on pay structure is more complex, as

firms’ existing pay structures may deviate from shareholders’ preferences in various ways.

As a result, predictions about how dissenting votes affect individual components of pay on

average can be ambiguous. Analyzing individual pay components in standard regression

models may fail to capture changes in the overall composition, even if such changes exist.

To circumvent this challenge, we propose compensation structure divergence (CSD) as a

summary metric to measure a firm’s year-to-year change in the composition of executive pay

packages. If firms respond to SOP votes by adjusting the pay structure, we expect a positive

association between the level of dissent in year t and CSD measured from t to t+ 1.

To implement this approach, we collect shareholder voting data from Institutional Share-

holder Services (ISS) and executive compensation data from ExecuComp. Our sample in-

cludes firm-year observations from 2011 to 2021 that (1) have a recorded SOP vote and (2)

have the necessary voting variables, compensation variables, and other relevant firm char-
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acteristics. We first decompose the total pay of the top five executives of the firms into

five categories following the approach of Edmans et al. (2017): salary, bonus, option, re-

stricted stock, and others. In this exercise, we focus on a parsimonious application with

five categories commonly used in the literature. However, our method can be extended to

a more granular set of categories, such as by incorporating detailed information on vesting

conditions. We next represent the value of each pay component as a fraction of the total

pay, representing the compensation structure with a vector of five elements that sum up to

1. Lastly, we apply the KL divergence to the vectors in fiscal year t and t+ 1 and label the

resulting metric CSDi,t+1.

In our regression analysis, the main dependent variable is CSDRanki,t+1, which rep-

resents the decile rank of the raw CSDi,t+1. The key independent variable of interest is

Dissenti,t, which captures the overall level of dissent in the SOP vote for firm i in year t.

We control for a similar set of firm characteristics as in Table 2 with a few adjustments.

Specifically, we replace the decile rank of seasonal differenced earnings (ASDE Rank) with

signed seasonal differenced earnings (SDE) to better account for firm performance. Simi-

larly, we substitute unsigned stock returns (AbsRet) with signed stock returns (Ret). Finally,

we include TotalPay, the natural logarithm of the total pay of the top five executives, to

account for the pay level. Control variables are measured with a one-year lag following the

Denis et al. (2020).

Table A.2 presents the results. Column (1) reports a positive and statistically significant

relationship between Dissent and CSDRank, suggesting that firms receiving more negative

SOP votes are more likely to adjust their pay structure in the following year. Column (2)

shows that this association remains significant after incorporating firm fixed effects, indi-

cating that the relationship is not merely influenced by time-invariant firm characteristics.

One potential alternative explanation for this finding is that the observed change in pay

structure might simply reflect firms’ attempts to adjust pay levels. To address this concern,

we examine whether our results hold after excluding firms with large changes in pay level.
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Specifically, in column (3), we exclude observations where the year-over-year change in pay

level exceeds 20% or falls below -20%. The results remain robust and the magnitude of the

point estimate increases, suggesting that the association between Dissent and CSDRank is

unlikely to be fully explained by firms with substantial changes in pay levels.

In columns (3) through (6), we examine our results using the natural logarithm transfor-

mation to mitigate the skewness of the raw CSD as an alternative to using decile ranks. The

results remain robust. Overall, the finding suggests that firms are more likely to adjust their

compensation structure in response to higher dissent in SOP votes, adding to the literature

on the economic consequences of SOP votes. Furthermore, this application demonstrates

that the concepts of entropy and KL divergence can also serve as versatile measurement

tools in research settings outside financial statement analysis.
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Table A.2: SOP Votes and Compensation Structural Change
This table reports the results from the OLS regression relating SOP votes and the change
in future compensation structure. CSD is the KL divergence from year t to t + 1 based
on the following pay components (scaled by total pay) of the top five executives: salary,
bonus, option, restricted stock, and others. CSDRank is the decile rank of CSD. CSDLn
is the natural logarithm of CSD. Dissent is the number of dissenting votes divided by
the total number of votes cast in the SOP vote in year t. Columns (1), (2), (4), and (5)
use the full sample, while columns (3) and (6) focus on a subset of firms with a percentage
change in total pay between -20% and +20%. Standard errors are clustered by firm and
year. T-statistics are reported in parentheses. ***, **, and * denote significance at the 1%,
5%, and 10% levels, respectively.

(1) (2) (3) (4) (5) (6)
Sample Full Full Stable Full Full Stable

Pay Level Pay Level

Variables CSDRank CSDRank CSDRank CSDLn CSDLn CSDLn

Dissent 1.690*** 0.848** 2.324*** 0.969*** 0.469* 1.450***
(4.81) (2.42) (3.96) (4.00) (2.04) (4.13)

Size -0.234*** 0.144 0.179 -0.167*** 0.040 0.019
(-4.79) (0.68) (0.72) (-5.07) (0.31) (0.11)

BM -0.151 -0.090 0.341 -0.057 -0.020 0.342
(-0.92) (-0.31) (0.76) (-0.54) (-0.11) (1.23)

Lev -0.230 0.496 -0.201 -0.146 0.299 -0.106
(-0.81) (0.75) (-0.30) (-0.71) (0.70) (-0.23)

SG 0.145 -0.260 -0.003 0.108 -0.145 -0.025
(1.03) (-1.27) (-0.01) (1.13) (-1.07) (-0.12)

RD -3.723 25.345 32.888* -1.512 11.030 15.096
(-0.95) (1.70) (1.87) (-0.59) (1.17) (1.26)

CapEx -3.758 3.944 3.818 -1.267 3.484 4.289
(-0.91) (0.78) (0.50) (-0.44) (0.89) (0.72)

StdRet 0.651*** 0.128 0.087 0.416*** 0.061 0.019
(8.61) (1.26) (0.52) (7.78) (0.94) (0.18)

Ret -1.649*** -1.290** -0.384 -1.066*** -0.852*** -0.170
(-3.57) (-3.05) (-0.68) (-3.70) (-3.38) (-0.50)

SDE -2.254** -1.446 -1.154 -1.449** -0.925 -0.639
(-3.01) (-1.62) (-0.98) (-2.91) (-1.45) (-0.87)

TotalPay 0.232** 0.034 0.491 0.198** 0.040 0.486**
(2.36) (0.14) (1.75) (2.69) (0.24) (2.88)

Observations 5,796 5,717 3,466 5,796 5,717 3,466
Adjusted R-squared 0.065 0.234 0.234 0.061 0.234 0.227
Firm FE No Yes Yes No Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Two-way Clustering Yes Yes Yes Yes Yes Yes
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