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Abstract

The identification of the financial characteristics of indus-
try sectors has a large importance in accounting audit, al-
lowing auditors to prioritize the most important area during
audit. Existing company classification standards such as the
Standard Industry Classification (SIC) code allow to map a
company to a category based on its activity and products. In
this paper, we explore the potential of machine learning al-
gorithms and language models to analyze the relationship be-
tween those categories and companies’ financial statements.
We propose a supervised company classification methodol-
ogy and analyze several types of representations for financial
statements. Existing works address this task using solely nu-
merical information in financial records. Our findings show
that beyond numbers, textual information occurring in finan-
cial records can be leveraged by language models to match
the performance of dedicated decision tree-based classifiers,
while providing better explainability and more generic ac-
counting representations. We think this work can serve as a
preliminary work towards semi-automatic auditing.

Code — https://github.com/WaguyMz/company _classification

1 Introduction

Accounting is a key area of finance focused on record-
ing, analyzing, and reporting a company’s financial transac-
tions. It provides critical insights into a company’s financial
health, supporting informed decision-making and strategic
planning. An accounting audit involves a meticulous exam-
ination of a company’s financial reports to verify their com-
pliance with accounting norms and regulations. The audit-
ing process is labor-intensive and time-consuming, often re-
quiring significant resources and expertise. Recent advance-
ments in Artificial Intelligence (AI) and automation have
shown promise in transforming the auditing process. Prior
to the emergence of neural networks, there was a consider-
able focus on Robotic Process Automation (RPA), aiming
to automate manual tasks in accounting and auditing pro-
cesses (Gotthardt et al. 2020). RPA is process-driven, as it
mainly consists in the automation of rule-based tasks includ-
ing data collection and invoicing.

To further enhance the efficiency and accuracy of audit-
ing processes, the field has seen a shift from RPA to a more
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Figure 1: Balance sheet representations for Machine Learn-
ing Algorithms. Within US-GAAP taxonomy, each financial
account is mapped to an identifier with taxonomy tree which
help to organize financial information

sophisticated family of approaches called Intelligent Pro-
cess Automation (IPA) (Nunes, Leite, and Pedrosa 2020).
IPA integrates Al technologies to handle more complex pro-
cesses, including decision-making and analysis, mimicking
human cognitive functions. Machine Learning offers power-
ful tools for identifying patterns and anomalies in financial
data. These capabilities are crucial in auditing, where detect-
ing irregularities early can prevent fraud and ensure compli-
ance with financial regulations (Lokanan, Tran, and Vuong
2019). Machine Learning models can analyze historical fi-
nancial data to predict potential risks (Cheng et al. 2023),
prioritize areas of focus for auditors, and even suggest cor-
rective actions based on past trends.

Financial statements are a collection of financial reports
that present the financial status of a company at a specific
point in time. Balance sheets and income statements are two
common types of financial statements, generally published
at the end of a fiscal year. A balance sheet is a snapshot of
a company’s financial position at a specific point in time,
detailing its assets, liabilities, and equity. The income state-
ment, on the other hand, provides a summary of the com-
pany’s financial performance over a period, highlighting its
revenues, expenses, and profits or losses.

As visible in Figure 1’s left part, a financial statement typ-
ically consists of a two-column table, where the first col-
umn contains the identifier of an account, and the second
column displays the corresponding amount in a given cur-



rency. The identifier can be a bank account number or a
short textual label describing the account’s purpose. In the
context of Machine Learning applications in finance, data
representation plays a critical role. One approach is to dis-
regard the label information and represent the statement as
a sparse feature vector (Van Der Heijden 2022; Bakumenko
and Elragal 2022). Alternatively, the label and the numeric
amount can be combined into a unified textual representa-
tion, enabling the use of Language Models (Li and Vasarhe-
lyi 2024). Another approach involves the usage of knowl-
edge graphs (Hou 2022) which preserve the inherent hi-
erarchical structure of financial data. We propose a novel
method which combines embedding vectors of identifiers
with scalars representing numerical amounts.

In this work, we use these various representations for the
task of company classification, where companies are classi-
fied by their industry sector. These representations are dis-
played in Figure 1’s right part. This task transforms financial
patterns recognition into a supervised learning task. Deci-
sion tree-based methods and other algorithms have shown
effective performance on this task by leveraging the inher-
ent structure of financial statements to predict a company’s
classification code (Leen and Cely 2017; Van Der Heijden
2022). Through this task, we assess the effectiveness of dif-
ferent representations of financial reports and the underlying
patterns they reveal.

Our main contributions can be summarized as follows:

. We introduce an enhanced version of the company classi-
fication task, improving data composition and exploring
different architectural approaches.

We demonstrate that a unified data representation across
different channels yields the best results, highlighting the
crucial role of data representation in tasks related to fi-
nancial reports.

. We leverage the capabilities of large language models to
generate explanations for the decisions made by the clas-
sification model, showcasing its ability to reason over fi-
nancial records.

Finally, we think this work can serve as a preliminary step
towards semi-automatic auditing. An important task to help
relieve the tedious efforts from human auditors.

2 Background

Company classification is the process of categorizing com-
panies based on their business activities, products, and other
relevant factors. Various standards (Hrazdil, Trottier, and
Zhang 2013) are used to group companies with similar op-
erating characteristics. These standards play a crucial role
in research and regulatory activities. The Global Indus-
try Classification Standard (GICS), developed in 1999 by
Standard & Poor’s (S&P) and Morgan Stanley Capital Inter-
national (MSCI), is one of the most used industry classifi-
cation systems. It categorizes companies into sectors, indus-
try groups, industries, and sub-industries based on their pri-
mary business activities. The Standard Industrial Classifi-
cation (SIC), developed in the 1930s to standardize industry
definitions in the United States uses a four-digit code and
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is historically the first globally adopted classification stan-
dard. The North American Industry Classification Sys-
tem (NAICS) was introduced in 1997 to replace the SIC
system. NAICS is used primarily in the United States by
federal statistical agencies. Despite being largely replaced
by NAICS, the SIC is still in use for historical data analysis
and regulatory purposes. Notably, the public dataset used in
our study relies on the SIC system.

3 Related Work

Numerical Approaches for Company Classification.
Regarding the usage of numerical amounts for company
classification, few notable prior works can be identified.
Leen and Cely (2017) proposed a Neural Network-based ap-
proach to identify banks from their balance sheets. Using
a 2-layer perceptron, that approach achieved an interesting
performance on a dataset of 21 Colombian banks.

Van Der Heijden (2022) explored the effectiveness of lin-
ear discriminant analysis (LDA) and random forest classi-
fier (Louppe 2015) for predicting companies’ NAICS codes
using 25-dimensional feature vectors, including 15 common
size percentages and 12 financial ratios. Common size per-
centages (NerdWallet Staff 2023) normalize balance sheet
accounts by total assets, allowing for comparison across
companies, while financial ratios (Institute 2023) offer in-
sights into financial performance. In their study, the random
forest classifier achieved an F1-Score of 89%, outperform-
ing LDA’s 66%. However, a key limitation was that the train-
test split did not account for company identities, risking the
model learning company-specific patterns rather than indus-
try sector patterns. Our methodology addresses this by en-
suring that companies in the training, validation, and test sets
are strictly disjoint.

Adaptation of Language Models to Finance. Language
Models have shown remarkable performance across var-
ious domains, including specialized finance applications.
Araci (2019) adapted the BERT encoder (Devlin et al.
2019) for financial sentiment analysis, resulting in FinBERT,
which classifies the sentiment (positive, negative, or neu-
tral) of stock-related news articles. Building on FinBERT,
Loukas et al. (2022) developed SEC-BERT for Named En-
tity Recognition (NER), using a dataset of 1.1 million sen-
tences from annual financial reports, containing 139 XBRL
tags (Grosu et al. 2010).

In the accounting field, Vamvourellis et al. (2023) utilized
embeddings from SEC 10-K filings (Staff 2023) to clas-
sify companies by GICS code. They fine-tuned a pre-trained
Sentence BERT model (Reimers and Gurevych 2019) on a
dataset of 3,000 publicly traded U.S. companies from 2022,
achieving high accuracy in reproducing GICS sectors. Their
approach also identified companies with similar financial
profiles, showing higher return correlations compared to tra-
ditional GICS groupings, demonstrating the model’s ability
to capture financial similarities.

Zero-shot classification has been explored in accounting
as well. Rizinski et al. (2023) introduced a method using
the DistilBART model (Lewis et al. 2020) to classify com-
panies using their business descriptions. It leverages natu-



ral language descriptions to achieve an accurate prediction
of the GICS code. However, to our knowledge, no existing
methods exclusively use financial records for this purpose.
Our novel approach aims to leverage Language Models to
classify companies based solely on financial records.

4 Financial Statements Representation for
Company Classification

In this section, we explore various approaches to repre-
sent financial statements to address the company classifica-
tion task. We focus on three primary methodologies namely
sparse vector representation, multichannel sequence repre-
sentation, and natural language representation.

Sparse Vector Representation. This representation as-
sumes that account labels carry no semantic information.
Based on this assumption, a financial statement is repre-
sented as a vector, where each dimension corresponds to a
unique financial account in the dataset. The vector’s length
equals the total number of unique tags, with each position
representing a specific account. The sparsity arises because
the number of tags reported by a company in a statement is
relatively small compared to the total number of unique tags.

Multichannel Sequence Representation. We propose to
incorporate the semantic information from the account num-
ber in the model. The initial input financial statement is con-
verted into an unordered sequence of N steps, N being the
number of tags in the financial statement. Each step has 2
dimensions, the first being the text of an account identifier
and the second being the corresponding amount. This rep-
resentation avoids the curse of dimensionality and enables
the model to capture an intermediate representation of the
identifiers’ meaning.

Natural Language Representation. The structure of a fi-
nancial statement is converted into a sentence format using
the template Tag = Amount. We propose two templates:
(1) Raw values: Values are reported as raw signed numbers,
rounded to one decimal place, with a currency symbol sign
as prefix; (2) Relative values: Values are normalized by the
total assets, typically the largest amount in the statement,
and then converted into percentages, rounded to two decimal
places. The use of relative values is inspired by the success
of common size percentages in Van Der Heijden (2022).

The (tag, value) pairs are organized linearly in the text
according to a predefined depth-first traversal of the taxon-
omy tree, ensuring that higher-level aggregate tags precede
their subcategories. More details on data representation are
provided in the appendix.

S Methods for Company Classification

On top of each of the representations above, we propose an
end-to-end supervised classification pipeline which aims to
predict a company’s sector, based on its quarterly financial
statements. The company classification task is used here as
a proxy to illustrate how machine learning models can cap-
ture and generalize common characteristics across groups of
companies within specific industry sectors.

16446

5.1 Decision-Tree Based Algorithm

We begin with a decision-tree algorithm, chosen for its abil-
ity to capture patterns in numerical financial data. Decision
trees align well with the rule-based logic often employed in
audits, making them a natural candidate for this task. Using
a sparse vector representation, we apply a LightGBM classi-
fier (Ke et al. 2017) to predict the sector classification (SIC)
of the company. We investigate three representation variants
for the amounts:

* Raw Amount Representation: Directly uses signed
amounts from financial statements.

Relative Values Representation: Represents each
amount relative to the total Asset s, reducing bias from
varying company sizes (NerdWallet Staff 2023).

Binary Representation: Uses 1 for the presence and 0
for the absence of a financial statement tag, disregarding
actual amounts to assess the impact of account presence
on sector classification.

5.2 LLM-clf: LLM With Classification Head

LLM-cIf pipeline uses a standard supervised classification
approach with a pretrained LLM followed by a linear layer
and a softmax activation for classification. The input to
this classifier is the latent representation from the [EOS]
token, which encapsulates the entire input sequence. This
method leverages the LLM’s natural language understand-
ing to transform company classification into a supervised
text classification task.

5.3 LLM-gen: LLM With Generation Head

LLM-gen is a classification pipeline that uses the genera-
tive abilities of LLMs to predict a company’s industry sec-
tor through autoregressive sentence completion. Financial
statements are converted into a natural language sentence,
augmented with an instruction prompt detailing the task and
providing candidate labels. The LLM is fine-tuned under a
Causal Language Modelling objective to maximize the con-
ditional probability of tokens. Instead of requiring exact la-
bel matching, we check whether any of the eight candidate
labels appears in the generated text.

5.4 Text-Numeric Transformer

We propose a two-stage architecture to leverage both textual
representations of accounts’ identifiers and corresponding
amounts. The input is a sequence of N (identifier, amount)
pairs (t;,z;). The first stage of this architecture is a pre-
trained Sentence-BERT (Reimers and Gurevych 2019) en-
coder 7y that computes an embedding representation ¢é; of
each identifier ¢;. Then, a fusion module combines €; with
amount ¢; into a single vector c;. This is done by multiply-
ing é; by sign(z;) log |z;|, where x; is the account amount.
Through this transformation, we scale embeddings to reflect
relative importance of each account, enhancing the model’s
ability to prioritize information effectively. The logarithm
keeps the scaling factor small for numerical stability. The
embedding’s scaling is followed by a linear layer and GeLU
activation, producing a new embedding vector c;, that we
call the fused embedding.
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The network’s next component is an Encoder Trans-
former 7, which processes the sequence of fused embed-
ding vectors ¢;. Like BERT (Devlin et al. 2019), this se-
quence is prepended with a learnable [C' LS] vector, initial-
ized from a gaussian distribution. The transformer’s atten-

tion mechanism allows the output vector [C’iS] to capture

information from all fused embeddings. Finally [CLS] is
fed to a single linear layer followed by a softmax activa-
tion function which outputs the log-probabilities of the tar-
get classes. Figure 2 shows an overview of the network.

6 Dataset

We leverage publicly available U.S. company filings from
the SEC’s EDGAR database (U.S. Securities and Exchange
Commission 2024), which includes quarterly financial state-
ments from U.S. companies spanning from January 2008 to
March 2024. That dataset provides detailed financial infor-
mation, such as balance sheets, income statements, cash flow
statements, and statements of equity, all reported according
to the US-GAAP taxonomy(Van Der Meulen, Gaeremynck,
and Willekens 2007). US-GAAP categorizes financial data
into sections such as assets, liabilities, equity, income, and
cash flow. Each category within the taxonomy is represented
by a unique identifier called a tag.

The dataset comprises 358,460 quarterly submissions
from 19,329 companies, with industry sectors classified by
4-digit SIC codes. From the initial dataset, we extract a sub-
set consisting of data from the fiscal year 2023 only. This
subset includes 26,907 submissions from 7,013 companies.
The rationale behind focusing on this period is to prevent
our model from learning seasonal patterns rather than in-
dustry sector patterns. For instance, specific periods like the
COVID-19 pandemic from 2019 to 2020 could induce cer-
tain patterns in company financial reports.
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We apply a filtering process followed by data imputation
stage. The filtering process includes the following steps:

1. We apply a cutoff of 100 samples per industry sector.
As a result, submissions from companies in the Agricul-
ture sector are excluded because the sector contains only

78 samples.

. In each submission, any tag that does not come from the
balance sheet or income statement is removed.

. Submissions containing less than 30 balance sheet tags
are discarded. We set this threshold to 30, which corre-
sponds to the 90th percentile of the number of tags per
submission distribution.

Data imputation involves calculating the values of miss-
ing tags by leveraging the tree structure of the US GAAP
taxonomy. In average, this process adds 28 new tags per
submission. Finally, we filter tags based on their depth in
the US GAAP taxonomy, retaining only those within the
first five levels. This step reduces bias from highly specific,
industry-specific tags, ensuring the data remains general and
comparable across sectors. After all these steps, we obtain a
dataset of 9,582 samples including 2,861 companies. The
target labels used for the classification are 8 official indus-
try sectors derived from the first two digits of the SIC Code
(siccode.com 2024). Figure 3 shows the industry sectors
and their distribution in the final dataset. Appendix provides
more details on the dataset and the preprocessing pipeline.
Each sample consists of 2-columns as presented in Figure 1.
The tags have a size varying between 4 and 169 characters.

7 Experiments and Results

Considering the representations and methods presented, we
conduct different experiments to verify their quality and im-
pact on the proxy task of company classification.
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Figure 3: Distribution of industry sectors in the SEC finan-
cial statements dataset

7.1 Dataset Splitting

The dataset includes submissions from the four quarters of
the year 2023, with each company contributing an average
of four submissions. To avoid bias from unique company-
specific patterns, we propose a more robust dataset splitting
strategy that ensures that the companies represented in the
training, validation, and test sets are distinct. This is differ-
ent from the random splitting proposed by Van Der Heij-
den (2022). We partition the dataset based on identities of
the companies. The training set includes submissions from
companies that make up 70% of the total dataset. The vali-
dation set comprises submissions from other companies that
account for 10% of the dataset, while the test set includes
submissions from the remaining 20%. This approach en-
sures that no company appears in more than one subset, en-
abling evaluation of generalization to unknown companies.

7.2 High Scores With LightGBM

We use the LightGBM classifier from the official li-
brary (Ke et al. 2017), with key hyper-parameters num-
ber of estimators=100, maximum depth=600, and num-
ber of leaves=60 tuned using the Hyperopt framework and
Bayesian optimization (Kegl 2023).

We conduct experiments using the three representation
variants described in Section 5.1: raw, percentage, and bi-
nary. Three key metrics are measured: A weighted F1
score, Pearson-Matthews correlation (MCC) (Stoica and
Babu 2023), and Mean Reciprocal Rank (MRR) (Craswell
2009). MCC is particularly robust in imbalanced settings,
while MRR provides insights into how well the misclas-
sified samples are ranked relative to the ground truth. Ta-
ble 1 presents the performance of the LightGBM classifier
on these metrics. The best performance is obtained when us-
ing the relative values representation, which leads to a MCC
of 0.62 on the validation set and 0.69 on the test set. The
raw values yield a lower performance, highlighting the im-
portance of normalizing financial data to account for com-
pany size variations. Unsurprisingly, the binary representa-
tion performs the worst with a MCC of 0.56 on the test but
this performance still indicates a high contribution of the
presence of specific accounts in the characterization of in-
dustry sectors.

LightGBM Predictions Explanation. The LightGBM
model generates up to 800 decision trees, making individual
predictions difficult to interpret. Instead, we calculate global
feature importance scores based on the total number of
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Data | Representation | Dim | MCC | F1 | MRR
Raw 368 | 0.57 0.67 | 0.79
Rel 368 | 0.62 0.70 | 0.81

Val. Binary 368 0.51 0.58 | 0.74
Raw 368 | 0.66 0.74 | 0.83
Rel 368 | 0.69 0.76 | 0.85

Test | Binary 368 | 0.56 0.64 | 0.78

Table 1: Performance of LightGBM classifier on company
classification. Rel= Relative Values . Val= Validation set.

splits each feature contributes to. These scores identify
Inventory Net of Allowances Customer
Advances and Progress Billings as the most
important tag, representing the company’s net inventory
value after deductions. See Appendix 3 for details on
LightGBM’s feature importance.

7.3 Features From LLM-clf Underperform

For this approach, we utilize LLaMA3.1 8B (Touvron et al.
2023a). Instead of fine-tuning the entire model, we employ
LoRA adapter (Hu et al. 2021) to train a small number
of added parameters. We also conduct experiments using
Finance-LLaMA3 (Cheng et al. 2024), a fine-tuned version
of LLaMA 3 on a Financial Corpora (FinLLaMA3 8B). The
experimental setup of this model is detailed in the appendix.
Each model is trained for 15 epochs using AdamW opti-
mizer (Loshchilov and Hutter 2017) with an initial learning
rate of le—4 decayed using a ReduceLrOnPlateau (De-
fazio et al. 2023) strategy.

Data | Rep. | Model | MCC | F1 | MRR
Rel. LLaMA3.1 0.59 0.67 0.80
Val Rel. FinLLaMA3 0.59 0.67 0.79
Raw LLaMA3.1 0.53 0.63 0.76
No.A | LLaMA3.1 0.02 0.12 0.53
Rel. LLaMA3.1 0.64 0.70 0.82
Test Rel. FinLLaMA3 | 0.64 0.71 | 0.82
Raw | LLaMA3.1 0.58 0.67 0.79
No.A | LLaMA3.1 0.06 0.15 0.55

Table 2: Performance of LLM-clf in company classification.
Rel. corresponds to a relative values representation, No.A is
representation where accounts amounts are not mentioned.
All models are 8B versions. Best results are in bold face

Both FinLLaMA3 and LLaMA3 achieve similar MCC
scores of 0.64 on the test set using relative value represen-
tation. The lower performance observed with raw values is
likely due to the LLM’s limitations in handling large num-
bers. Future work could explore improved numerical repre-
sentation techniques, such as those proposed Schwartz et al.
(2024) and Yang et al. (2022) where special tokens are in-
troduced to represent the structure of numbers. We notice
that the usage of only account tags (No.A) without amounts
leads to significantly poor performance with LLM-clf, em-
phasizing the importance of account amounts in the charac-
terization of industry sectors.



7.4 LLM-gen And Explainable Predictions

We again utilize LLaMA3.1 8B (Touvron et al. 2023a),
but instead of the pretrained version of that model, we use
LLaMA3.1 8B-instruct, a fine-tuned version of LLaMA3.1
8B using instruction tuning (Zhang et al. 2024). We also use
FinLlaMA3, which was already fine-tuned using a corpus
of instructions (Cheng et al. 2024). Once again, we apply
LoRA adaptation for training, following the same configura-
tion as LLM-clf. Next-token prediction finetuning is applied
only to the completion part of the prompt because the model
is not expected to generate financial statements. The prompt
template used for LLM-gen is provided in the appendix.

Table 3 presents the results of LLM-gen. With relative val-
ues representation, LLaMa3.1 8B-Instruct and FinLLaMA3
8B achieve comparable performances on the validation set
with a MCC score of 0.59. On the test set, FinLLaMA3 8B
performs slightly better than LIaMA3.1 8B-Instruct with a
MCC score of 0.66 > 0.64.

LlaMA3.1 8B is also trained using raw values. It achieves
an MCC of 0.60 on validation and 0.65 on the test set. While
other approaches, notably LightGBM and LLM-clf, struggle
with raw values representation, LLM-gen performs compa-
rably well whether using raw or relative values representa-
tion. We hypothesize that the straightforward classification
pipeline in LLM-gen allows the LLM to fully exploit its
reasoning capabilities, including comparative analysis of ac-
counts. In contrast, LLM-clf relies on an intermediary repre-
sentation (the EOS token encoding), which may constrain its
reasoning abilities and put greater emphasis on representa-
tional capacity rather than reasoning through the data. When
trained without any amount, the MCC on validation and test
sets are lowers, at 0.56 and 0.58, respectively.

Data | Rep. | Model | MCC | F1
Rel. | LLaMA3.1 0.59 | 0.67

Val Rel. | FinLLaMA3 | 0.59 | 0.67
a Raw | LLaMA3.1 0.60 | 0.68

No.A | LLaMA3.1 0.56 | 0.62

Rel. | LLaMA3.1 0.64 | 0.70

Test Rel. FinLLaMA3 0.66 | 0.71
es Raw | LLaMA3.1 0.65 | 0.70

No.A | LLaMA3.1 0.58 | 0.64

Zero shot | Rel: | LLaMA3.1 030 | 0.42
Croshol | pel. | FinLLaMA3 | 0.29 | 0.40

Table 3: Performance of the LLM-gen in company classifi-
cation. Rel. corresponds to a relative values representation,
No.A is representation where accounts amounts are not men-
tioned. Best results are in bold face.

Zero-Shot Classification. We evaluate the intrinsic abil-
ity of pretrained LLMs on the test set to classify compa-
nies based solely on financial statements, without any task-
specific fine-tuning. The performance is notably weak, with
LLaMA3.1 8B and FinLLaMA3 8B achieving MCC scores
of only 0.30 and 0.29, respectively, highlighting the chal-
lenges faced when applying LLMs to highly specialized
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tasks without task-specific training. The model’s predictions
are stuck between two classes : Manufacturing (57% of
predicted labels) and Services (25% of predicted labels).

Explanations of LLM-gen’s predictions. With LLM-
gen, we benefit from the LLM’s generation capabilities to
obtain predictions explanations in natural language. Con-
versely, the usage of a classification head in LLM-clf anni-
hilates its generation capabilities. Considering the entire test
set (2,596 samples) and the output labels predicted by the
LLM, we prompt it again to generate an explanation of the
predicted answer. The prompt template used for generating
the explanation is included in the appendix.

An example explanation provided by the LLM for a cor-
rect prediction on the test set is:

7

Predicted label: Transportation & Public Utilities
Generated explanation: The presence of Asset Re-
tirement Obligations Noncurrent (18.41% of total
assets) and Regulatory Assets Current and Noncur-
rent (totaling 30.23% of total assets) suggests that
the company is in the utility industry, likely in the
electric, gas, or water sector.

We conduct a qualitative evaluation of 10 generated ex-
planations (See Appendix 5), and we found them coherent;
for instance, the regulatory assets mentioned in this example
are indeed often related to public utilities activities .

Low Impact of Ordering in Natural Language Repre-
sentation. With both LLM-gen and LLM-clf, we apply a
depth-first traversal of the US-GAAP structure to build the
input sequence of the LLM. We conducted additional exper-
iments using a breadth-first traversal strategy in the repre-
sentation and obtained similar results. This finding suggests
that the specific ordering of account tags, has a minimal im-
pact on model performance.

7.5 Text-Numeric Transformer Yields the Best
Performance

We explore two sentence encoders in the Text-Numeric net-
work:

* BGE Base (Xiao et al. 2023): A state-of-the-art 768-
dimensional model trained on a massive text dataset in-
cluding Wikipedia pages, StackExchange, and Reddit.

» FinLang (Investopedia 2024): A version of BGE Base
fine-tuned on a financial corpus (FinLang 2023).

We keep all the parameters of the sentence encoders frozen.
The fusion modules’ input layer has 768 dimensions, match-
ing the sentence encoder’s embedding dimensions, and its
output layer has 64 dimensions, corresponding to the em-
bedding dimension of the transformer 7. Positional encod-
ing is not applied on the input sequence of 7; as the order of
the tags in the initial sequence does not account.

71 consists of 4 transformer encoder layers with the feed-
forward layer in each transformer block having 256 hidden
dimensions.

'see https://www.investopedia.com/terms/r/regulatoryasset.asp



We conduct experiments with batch size of 128 us-
ing the AdamW optimizer (Loshchilov and Hutter 2017)
with an initial learning rate of le-4 decayed using a
ReducelLrOnPlateau (Defazio et al. 2023) strategy.
Each variant is trained for 60 epochs.

Data | Model | MCC | F1 | MRR
Val BQE Base 0.63 | 0.70 | 0.82
FinLang 0.63 | 0.70 | 0.82
FinLang(No Amounts) | 0.56 | 0.62 | 0.78
Test BGE Base 0.68 | 0.73 | 0.84
FinLang 0.71 | 0.76 | 0.86
FinLang(No Amounts) | 0.60 | 0.65 | 0.80

Table 4: Performance of Text-Numeric in company classifi-
cation. Comparison between BGE Base and FinLang mod-
els on validation and test sets. No Amounts is an experiment
without including amount. Val = Validation set.

The results of experiments with the Text-Numeric model
on the Test and validation sets are presented in Table 4.

The FinLang-base network provides the best results with
a MCC score of 0.71 on the test set. However, we note that
FinLang and BGE performs comparably on the validation
set. Therefore, it is hard to conclude on the superiority of
FinLang over BGE. We conduct an additional experiment
without amounts, by replacing all input financial statement
values with 10 (log;,(10) = 1), effectively turning the mul-
tiplication gate of the fusion module into an identity function
for the text embeddings. The performance is low, demon-
strating the interest of merging account amounts with the se-
mantic representation of accounts. Although its performance
are low, this pure-text model outperforms the LightGBM bi-
nary representation without amounts, highlighting the bene-
fit of using embeddings for tags’ representation.

Interpretability of Text-Numeric Predictions We ana-
lyze the contribution of related accounts to industry sec-
tor predictions using the local relevance score method from
Chefer, Gur, and Wolf (2021). This method calculates rela-
tive scores for each transformer layer via Deep Taylor De-
composition and propagates them to assign relevance scores
to input tokens. We compute relevance scores for the fused
embedding vectors c¢; to directly assess the relevance of
paired tags and amounts. Figure 4 shows relevance scores
for a single prediction. We qualitatively evaluate 10 samples
where the network correctly predicts the target label. Ap-
pendix provides additional details on this analysis.

8 Limitations

This study investigates methods to effectively capture
industry-specific patterns in financial statements using
numerical and language model-based approaches. While
promising results are achieved in explainability and classifi-
cation accuracy, several limitations remain.

Imbalanced Dataset: the dataset’s imbalance posed chal-
lenges for minority classes, and attempts to oversample mi-
nority classes reduced overall performance. Future work will

16450

Assets Current $37,318,996
Assets Noncurrent $110,419,072
Common Stock Value $-420,000
Construction In Progress Gross $3,720,002

Deferred Income Tax Liabilities Net $-605,000
Finite Lived Intangible Assets Net $69,000
Inco!'ne Loss From Continuin? Operations Including Portion $-6,271,002
Attributable To Noncontrolling Interest e

Indefinite Lived Intangible Assets Excluding Goodwill $1,267,999
Intangible Assets Net Excluding Goodwill $1,336,999
Intangible Assets Net Including Goodwill $1,336,999

Figure 4: Heatmap of relevance scores for a Text-Numeric’s
prediction. Darker rows indicate higher relevance.

explore techniques like GANs and Diffusion Models for bet-
ter handling class imbalance.

Evaluation of LLM-gen’s Explanations: Our analysis in-
dicates that the LLM-gen explanations are generally coher-
ent. However, due to the lack of a grounded reference for the
specific characteristics of industry sectors, we were unable
to conduct a quantitative evaluation. In future studies, we
plan to develop a dataset containing a set of sector-specific
rules to enable a robust and systematic quantitative assess-
ment of those explanations.

Computations capabilities for larger LLMs: due to GPU
limitations, we did not conduct any experiment using larger
LLMs such as LLaMA 405B (Touvron et al. 2023b) for
LLM-gen and Voyage-Finance Embedding (AI 2024) for
Text-Numeric Network. We hypothesize that their more ad-
vanced capabilities could lead to a better understanding of
patterns in financial statements.

9 Conclusion and Perspectives

This study explores the application of machine learning
techniques in accounting audit, focusing on company classi-
fication as a proxy task. The results highlight the capability
of machine learning methods to learn industry-specific pat-
terns within financial reports. We investigated various data
representations, including sparse vectors, textual sequences,
hybrid models, and introduced a novel Text-Numeric Trans-
former that achieved the highest classification performance.

Our experiments demonstrate that decision-tree-based
methods like LightGBM establish solid baselines. However,
more sophisticated techniques using language models pro-
vide not only strong performance but also enhanced explain-
ability. In particular, the LLM-gen approach, leveraging gen-
erative capabilities, delivers explanations that can serve as
valuable insights for auditors.

Our proposed Text-Numeric architecture effectively inte-
grates numerical data with semantic representations of ac-
count identifiers, leading to superior classification accuracy.
Future work will extend this approach to other accounting
tasks, such as anomaly detection and risk scoring. We also
aim to enhance explainability and further refine data repre-
sentations, particularly for more complex and fine-grained
company classification. Ultimately, our research contributes
to the development of semi-automated auditing systems that
closely mimic human reasoning in financial analysis.



Ethical Statement

It is crucial to acknowledge the ethical implications associ-
ated with using Al systems and especially Large Language
Models (LLMs) in auditing. These implications include the
question of legal responsibility for potential errors induced
by the LLM, as well as inherent biases in the model’s foun-
dational knowledge. We firmly believe that, despite their re-
markable capabilities, LLMs should never replace human
auditors. Instead, they should serve as assistants, supporting
auditors in exhausting and time-consuming tasks.
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