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Abstract: The rapid growth of insurance-related documents has in-
creased the need for efficient and accurate text classification tech-
niques. Advances in natural language processing (NLP) and deep
learning have enabled the extraction of valuable insights from textual
data, particularly in specialised domains such as insurance, legal, and
scientific documents. While Bidirectional Encoder Representations
firom Transformers (BERT) models have demonstrated state-of-the-
art performance across various NLP tasks, their application to do-
main-specific corpora often results in suboptimal accuracy due to lin-
guistic and contextual differences. In this study, I propose RiskBERT,
a domain-specific language representation model pre-trained on in-
surance corpora. I further pre-trained Legal BERT on insurance-spe-
cific datasets to enhance its understanding of insurance-related texts.
The resulting model, RiskBERT, was then evaluated on downstream
clause and provision classification tasks using two benchmark da-
tasets — LEDGAR [1] and Unfair ToS [2]. I conducted a comparative
analysis against BERT-Base and Legal BERT to assess the impact of
domain-specific pre-training on classification performance. The find-
ings demonstrate that pre-training on insurance-specific corpora sig-
nificantly improves the model’s ability to analyse complex insurance
texts. The experimental results show that RiskBERT significantly out-
performs Legal BERT and BERT-Base, achieving superior accuracy
in classifying complex insurance texts, with 96.8% and 92.1% accu-
racy, respectively, on the LEDGAR and Unfair ToS datasets. These
findings highlight the effectiveness of domain-adaptive pre-training
and underscore the importance of specialised language models for en-
hancing insurance document processing, making RiskBERT a valu-

able tool for this purpose.
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Abbreviations:
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I. INTRODUCTION

The volume of insurance-related literature is rapidly
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Expanding, incorporating new insights and increasing the com-
plexity of insurance corpora. Consequently, there is a growing
need for advanced research and analysis to enhance the accuracy
of insurance text classification and data mining. The ability to
efficiently extract and categorize information from vast insur-
ance documents is crucial for policy analysis, risk assessment,
and compliance monitoring. Recent advancements in natural
language processing (NLP) and deep learning have significantly
improved text classification across various specialized domains,
such as biomedical, scientific and legal corpora extracting valu-
able insights from textual data.

Transformer-based pre-trained language models [3] have
gained considerable attention for their ability to produce state-
of-the-art results in various NLP tasks. Models such as Bidirec-
tional Encoder Representations from Transformers (BERT) [4],
along with its extensions (Liu et al. [5]; Yang et al. [6]; Lan et al.
[7]), have become the foundation for modern text classification
research. While these models are publicly available, many stud-
ies bypass the computationally intensive pre-training phase and
focus on fine-tuning for specific downstream tasks. However,
directly applying general-purpose BERT models to specialized
domains presents limitations, as they often fail to capture do-
main-specific terminology and contextual nuances.

Since BERT is pre-trained on general corpora such as Wikipe-
dia and BookCorpus, it tends to underperform when applied to
highly specialized fields like insurance, legal, and scientific texts
[8]. A potential solution to this challenge is domain-adaptive
pre-training, in which BERT models are further pre-trained on
domain-specific corpora to improve their performance.

This study examines this strategy in the insurance domain,
where specialised corpora contain extensive domain-specific
terminology, distinct vocabulary, and unique formal semantics
and syntax compared to general-domain texts. The distributional
differences between insurance and general corpora make it dif-
ficult for general-purpose BERT models to generalize effec-
tively, necessitating the development of domain-specific BERT
variants.

This research contributes to a deeper understanding of BERT
adaptation in specialized domains by proposing RiskBERT, a
domain-specific language model created by further pre-training
LegalBERT [9] on insurance corpora. Given LegalBERT’s
strong performance in legal NLP tasks, adapting it for insurance-
related text analysis could offer substantial benefits. The key
findings indicate that RiskBERT significantly outperforms the
general BERT model and the baseline Legal BERT on insurance
clause and provision classification tasks. The model’s effective-
ness is evaluated on two benchmark datasets [1], demonstrating
its potential for insurance document analysis and classification
[2].

The paper is structured as follows:
Section 2 provides a literature
review of domain-adaptive
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BERT models. Section 3 details the proposed methodology and
model pre-training process. Section 4 presents the experimental
setup and results, while Section 5 concludes the study with key
findings and future research directions.

II. RELATED WORK

Most prior research on BERT domain adaptation has focused
on fields such as biomedical, scientific, and legal domains. In [8],
the BIOBERT model was introduced by further pre-training
BERT-BASE on biomedical corpora. While this model showed
notable improvements over the baseline, increasing the number
of pre-training steps did not yield further enhancements. Simi-
larly, Alsentzer et al. [10] developed Clinical BERT and Clinical
BIOBERT by further pre-training BERT-BASE and BIOBERT
on clinical notes, demonstrating superior performance compared
to the base models.

SCIBERT [11], another specialized BERT variant, was de-
signed for the scientific domain, particularly biomedical litera-
ture. It was obtained either by further pre-training BERT-BASE
or training it from scratch (SC) on biomedical scientific corpora,
yielding improvements in downstream tasks. Likewise, Sung et
al. [12] enhanced short answer evaluations for intelligent tutor-
ing systems by further pre-training BERT-BASE on textbook
data.

In the legal domain, Moens et al. [13] explored supervised
classifiers for extracting arguments from legal documents, while
other studies have tackled claim detection [14], citation of legal
principles and facts in judicial decisions [15], and judicial desion
prediction [16]. Fabian et al. [17] examined machine learning
techniques for analyzing private policies, whereas Ashley and
Walker [18] conducted a case study on constructing legal argu-
ments for vaccine injury compensation using NLP tools.

In the healthcare sector, Laila et al. [19] proposed Med-BERT,
a contextualized embedding model adapted for Electronic
Health Records (EHR). Tested on disease prediction tasks, Med-
BERT outperformed larger baseline models. The study also
demonstrated the feasibility of structured EHR data and the ef-
fectiveness of contextualized embeddings in capturing EHR se-
mantics.

Other research has explored BERT adaptation in various lan-
guages and specialized domains. Hend Zouari [11] developed
French AXA Insurance BERT, comparing its performance with
BERT and Camembert for insurance domain adaptation. The re-
sults showed that Camembert was more adaptable to small in-
surance datasets, while BERT performed better without fine-
tuning. Thomas et al. [20] adapted Swedish BERT by de-identi-
fying clinical corpora in Swedish, demonstrating improved per-
formance across six clinical downstream tasks.

In historical document analysis, liro et al. [21] used BERT to
predict the publication year of digitized texts from the Eight-
eenth Century Collections Online (ECCO) dataset. The model
achieved an average absolute error of fewer than seven years,
outperforming linear models and human judgment.

Pre-trained language models have also been extensively ana-
lyzed for their general capabilities. Hang et al. [22] highlighted
BERT!'s remarkable performance as a universal NLP tool, em-
phasizing its ability to process domain-specific content effec-
tively. In another study, Rukhma et al. [23] applied transfer
learning for classifying COVID-19 fake news and extremist
content, evaluating the model using various metrics.
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Mikhail et al. [24] conducted a comprehensive survey of
BERT applications, summarizing key areas of implementation
and comparing BERT to other NLP models. Ather et al. [25] re-
viewed different BERT models and embedding techniques, fo-
cusing on their numerical vector representations for word analy-
sis. In [26], researchers explored BERT-based contextualized
language models (LMs) for automatic speech recognition (ASR),
using N-best hypothesis reranking to minimize word error rates
(WER). Their approach outperformed RNNs and BERT models
that relied on pseudo-log-likelihood (PLL) scores.

The insurance domain has received comparatively less atten-
tion. Wang et al. [27] proposed a BERT-based knowledge ex-
traction method to extract key knowledge points from unstruc-
tured insurance clauses, reducing manual labor in knowledge
graph construction. Unlike conventional template- and rule-
based approaches, this model generates question-answer pairs
from domain knowledge and contextualizes responses.

In the financial sector, FILBERT [28] was developed to ad-
dress legal and risk aspects beyond standard financial language
models. This model was designed to enhance knowledge pro-
cess automation (KPA) solutions for firms, improving produc-
tivity and deployment.

This study presents a framework for integrating advanced an-
alytics in insurance, leveraging machine learning and real-time
data for improved risk assessment and claims processing. The
approach enhances underwriting accuracy and operational effi-
ciency by incorporating diverse data sources, such as IoT sen-
sors and telematics. The study also addresses challenges in data
quality, regulatory compliance, and integration, offering strate-
gic recommendations for insurers seeking to adopt digital trans-
formation.

This study [29] explores the impact of big data analytics on the
insurance industry, focusing on risk classification, privacy con-
cerns, and economic implications. It proposes a framework to
analyze the trade-off between classification accuracy and poli-
cyholder incentives for data sharing. The findings highlight that
using private data for risk classification does not always drive
insurers to create more granular risk classes.

Another paper [30] worked on vehicle insurance fraud detec-
tion using advanced machine learning models, including a
stacked ensemble approach integrated with Explainable Al
(XAI) techniques. Feature selection algorithms identified key
features that influence fraud detection, thereby improving model
interpretability and accuracy. The study highlights future re-
search directions, such as behavioural biometrics, blockchain se-
curity, and deep reinforcement learning for adaptive fraud pre-
vention.

Big data analytics is transforming the insurance industry by
enhancing predictive accuracy, reducing fraudulent claims by
28.9%, and improving the efficiency of risk assessment. Al-
driven systems streamline claim processing with 94.7% accu-
racy, leading to a 34.7-point increase in customer satisfaction.
Emerging technologies, such as edge Al and quantum compu-
ting, promise further advancements, reducing processing latency
and enhancing prediction accuracy. [31]

The Loss Dirichlet Multinomial Mixture (LDMM) model [32]
enhances individual claims reserving by integrating Bayesian
probabilistic methods with textual
claim descriptions. This ap-
proach effectively captures
multimodality, skewness, and
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heavy-tailed claim characteristics, improving predictive accu-
racy.

The model's ability to leverage unstructured data supports dig-
ital transformation in the insurance sector, enabling more in-
formed decision-making.

For insurance-related NLP tasks, Anuj et al. [33] introduced
IBLMs (Insurance-Based Language Models) by further pre-
training domain-specific language models (ULMFiT and BERT)
on insurance claim notes with an expanded vocabulary. These
models achieved superior results in binary classification tasks
compared to traditional approaches, offering practical benefits
for insurance claims analysis. Similarly, Shan et al. [34] em-
ployed BERT for intent classification on insurance data, signifi-
cantly reducing error rates compared to alternative models such
as TextCNN, HAN, and ELMo.

Despite BERT's dominance as a state-of-the-art NLP model,
its adaptation to the insurance domain remains largely unex-
plored. In specialized fields, the use of excessively large and
computationally expensive models is often unnecessary, as do-
main-specific terminology and syntax are more structured and
standardized. As artificial intelligence, particularly natural lan-
guage processing, gains traction in insurance document analysis
and classification, further research is needed to develop opti-
mized models for this domain.

III. METHODOLOGY

A. RiskBERT: Adaptive Pre-training on Insurance Corpora

I introduce RiskBERT, a domain-adapted language model de-
signed explicitly for insurance-related NLP tasks in this research.
This approach involves further pre-training a LegalBERT model
[9] on an insurance-specific corpus to enhance its performance
on downstream insurance text classification tasks.

For pre-training, I collected insurance-related textual data
from the EDGAR database, which includes a diverse set of doc-
uments such as insurance policies, contracts, treaties, and sched-
ules. A pre-trained tokeniser, consistent with the vocabulary
used in the original LegalBERT training, was employed to to-
kenise all textual data. I used Masked Language Modelling
(MLM) as the training objective to effectively adapt the model.
MLM randomly masks specific tokens in the input text, and the
model is trained to predict these masked tokens. To optimize this
process, the tokenized text was concatenated and divided into
chunks to maintain a consistent sequence length. Additionally, a
data collator was employed for dynamic random masking, en-
suring variation in masked tokens across different training
epochs. This approach prevents the model from overfitting to
fixed masked patterns and enables it to learn more generalized
representations, ultimately enhancing its adaptability and perfor-
mance.

B. Fine-Tuning for Downstream Classification Tasks

After pre-training, RiskBERT was fine-tuned for a multi-class
clause/provision classification task using two benchmark da-
tasets: Ledgar [1], which consists of legal contract provisions,
and Unfair ToS [2], containing clauses extracted from Terms of
Service agreements. To assess the effectiveness of RiskBERT, a
comparative performance analysis was conducted against two
baseline models—BERT-Base, a general-domain model, and
LegalBERT, which is pre-trained on legal texts. This evaluation
aimed to demonstrate the benefits of domain-specific pre-train-
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ing in improving classification accuracy for specialized insur-
ance-related texts.

IV. EXPERIMENTS AND RESULTS

This section presents the experimental setup and results ob-
tained in adapting BERT for the insurance domain. The primary
objective of the experiments is to evaluate the performance of
RiskBERT, a model derived by further pre-training Legal BERT
on insurance-specific corpora, and to compare its classification
effectiveness with that of state-of-the-art models. The evaluation
focuses on clause/provision classification using the LEDGAR
and Unfair Terms of Service (ToS) datasets.

A. Data Preprocessing and Experimental Setup

The Ledgar dataset, initially available in JSON format, and the
Unfair ToS dataset, provided in XML format, were first con-
verted into CSV format using dataframes to enhance readability
and facilitate structured analysis. The datasets were then ran-
domly split into training (80%), validation (10%), and test (10%)
sets to ensure an unbiased evaluation. For fine-tuning, the Adam
optimizer was employed, with categorical cross-entropy as the
loss function, given the multi-class classification nature of the
task. After training, the model's performance was evaluated on
the test set using standard metrics, including accuracy, F1-score,
precision, and recall. This systematic methodology ensures that
RiskBERT is effectively adapted to the insurance domain, en-
hancing its capability for specialized text classification tasks.

B. Pre-training of RiskBERT

To construct RiskBERT, I performed additional pre-training on
an insurance-specific corpus. The LegalBERT model was used
as the base model due to its prior adaptation to legal text. The
training corpus comprises insurance-related documents col-
lected from EDGAR, including policies, contracts, treaties, and
schedules. Pre-training was performed using the masked lan-
guage modelling (MLM) objective, where random tokens were
masked, and the model was trained to predict them based on con-
text. The tokenization process utilized a pretrained tokenizer to
maintain consistency with the original LegalBERT vocabulary.

For pre-training, the model was configured with the following
hyperparameters: a batch size of 25, a maximum sequence
length of 128 tokens using Sentence Piece tokenization, a learn-
ing rate of 2e-5, and a weight decay of 0.01. A masked language
modelling (MLM) probability of 0.15 was also applied to facili-
tate effective contextual learning. To assess the effectiveness of
pre-training, perplexity was used as a key evaluation metric, in-
dicating how well the model learned from the insurance corpus.
A lower perplexity score signifies improved language modelling
capability, demonstrating the model’s ability to better understand
and represent domain-specific insurance texts.

C. Fine-tuning for Clause/Provision Classification

After pre-training, RiskBERT was fine-tuned on downstream
classification tasks to evaluate its effectiveness in clause and
provision classification. The fine-tuning process was conducted
using two benchmark datasets: LEDGAR, a large-scale dataset
comprising contractual provisions extracted from legal agree-
ments, and Unfair ToS, which
contains 50 online consumer
contracts annotated for unfair
terms of service. To optimize
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performance, dataset-specific hyperparameters were applied
during training. For LEDGAR, the model was trained using a
learning rate 1e-5 for five epochs, with a batch size of 64 and a
maximum sequence length of 512 tokens, while maintaining a
fixed dropout rate of 0.5. Similarly, for the Unfair ToS dataset,
the model was trained for 20 epochs with a learning rate of 1e-6,
while keeping other hyperparameters consistent with those used
in LEDGAR fine-tuning. To ensure robust performance evalua-
tion, both datasets were split into training (80%), validation
(10%), and testing (10%) sets, allowing for a comprehensive as-
sessment of RiskBERT’s classification capabilities in domain-
specific legal and insurance text processing.

D. Comparative Analysis and Performance Evaluation

RiskBERT was compared against Legal BERT and the general
BERT model to provide a comprehensive evaluation. Each
model was fine-tuned on the same downstream tasks and da-
tasets, using identical experimental settings, to ensure a fair com-
parative analysis.

While experimental settings were consistent across models,
minor dataset-specific variations in hyperparameters were intro-
duced to enhance performance. This approach ensures that each
dataset is optimally leveraged while maintaining the validity of
comparisons across models. The results from these experiments
demonstrate the effectiveness of RiskBERT in insurance text
classification, highlighting the impact of domain-specific pre-
training in improving the accuracy and robustness of NLP mod-
els in specialized domains.

E. Pre-Training and Fine-Tuning Results

In this section, I present the results of pre-training and fine-
tuning the RiskBERT model on insurance-specific corpora. The
results demonstrate the effectiveness of RiskBERT in the con-
text of domain-specific insurance text classification tasks, as
well as its performance comparison with LegalBERT and
BERT-Base on downstream tasks.

i. Pre-training Performance

The RiskBERT model, created by adapting LegalBERT to an
insurance-specific corpus, demonstrates fast and effective adap-
tation to the domain. The perplexity of RiskBERT after pre-
training on the insurance corpus is 1.32, indicating that the
model has effectively learned the domain-specific language. A
lower perplexity suggests that the model can generate meaning-
ful representations of the insurance text, subsequently improving
performance on downstream tasks.

ii. Fine-Tuning and Comparative Analysis

The fine-tuning of RiskBERT was conducted across both the
LEDGAR and Unfair Terms of Service (ToS) datasets. Results
from the fine-tuning experiments on these datasets indicate that
RiskBERT consistently outperforms the baseline Legal BERT
and BERT-Base models on all evaluation metrics. This suggests
that RiskBERT's domain-specific pre-training offers substantial
performance advantages, particularly for insurance-related text
classification tasks.

RiskBERT

0.968

0.122

P

LEDGAR

0.087 2123

|

Unfair-ToS

Accuracy ®"MAE =RMSE

[Fig.1: Fine-Tuning Result Performance of RiskBERT
Over both Datasets. Accuracy, Mean Square Error (MAE),
Root Mean Square Error (RMSE) are Plotted]

Figure 1 illustrates Riskbert's performance across the develop-
ment data of both datasets, showcasing its superior adaptability
to insurance corpora compared to the other models. On the test
data, RiskBERT consistently produces better results in terms of
accuracy, root mean square error (RMSE), and mean absolute
error (MAE) when compared to the baseline models (Legal-
BERT and BERT-Base).

An impressive advantage of RiskBERT is its computational
efficiency. Despite its enhanced domain-specific performance,
RiskBERT is comparable to LegalBERT and BERT-Base in
terms of resource usage and can be trained on standard GPU
configurations. This makes RiskBERT a viable option for re-
searchers with limited computational resources, ensuring its
practicality for broader adoption in insurance text analysis.

Table-1: Test Results on Datasets: Unfair-ToS and LEDGAR. Accuracy, Mean Square Error
(MAE), Root Mean Square Error (RMSE) are Reported in the Comparative Analysis of Each Model. The
Best Scores are in Bold, which were Obtained from the RiskBERT

Models Accuracy MAE RMSE
=@ 5 L@ ] E@ 5
cE 5 5& 5 & 5
= =2 = S = 3
RiskBERT 0.968 0.921 0.087 0.029 0.123 0.122
LegalBERT 0.952 0919 0.153 0.031 0.216 0.136
BERT 0.948 0917 0.161 0.033 0.227 0.144

Table 1 summarizes Riskbert's performance improvements
over LegalBERT and BERT-Base on both datasets. I report ac-
curacy, RMSE, and MAE values, which highlight RiskBERT's
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superior performance compared
to the baseline models across
both datasets.
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Comparative Analysis
on LEDGAR

0.919 0917

0.029 0.031 0.033

0136 0144

'- r‘-

=t —erde

BERT

0122
e
RiskBERT LegalBERT

Accuracy mMAE mRMSE

[Fig.2: Comparative Analysis on LEDGAR for Three Mod-
els. Accuracy, Mean Square Error (MAE), Root Mean
Square Error (RMSE) are plotted for Each Model (Risk-
BERT, LegalBERT, BERT) Calculated During Fine-Tuning
on the downstream task on Ledgar]

Comparative Analysis on
Unfair-ToS

0.952 0:948

0:216

0.153 |

LegalBERT

0.123

0087/
. -

RiskBERT

BERT

Accuracy ®=MAE ®=RMSE

[Fig. 3: Comparative Analysis on Unfair-ToS for Three
Models. Accuracy, Mean Square Error (MAE), Root Mean
Square Error (RMSE) are Plotted for Each Model (Risk-
BERT, LegalBERT, BERT) Calculated During Fine-tuning
on the Down-Stream Task on Unfair-ToS]

Figures 2 and 3 display the individual performance of each
model on the LEDGAR and Unfair ToS datasets, respectively,
providing a clear visual comparison of RiskBERT against the
baseline models for each dataset. These figures demonstrate that
RiskBERT outperforms in accuracy and exhibits lower RMSE
and MAE values across both datasets.

The results confirm that RiskBERT outperforms baseline
models in terms of classification accuracy and error metrics,
demonstrating the feasibility of adapting BERT models for spe-
cialised domains such as insurance. These findings open the
door to new research directions focused on further domain-spe-
cific adaptations of BERT models, enabling improved perfor-
mance across specialized NLP tasks in other domains as well.
The approach of fine-tuning pre-trained models with domain-
specific corpora can significantly enhance the capabilities of
transformer-based models in various industry sectors, including
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insurance, legal, and healthcare.

V. CONCLUSION AND FUTURE WORK

This study examined the development and application of the
RiskBERT model for domain adaptation in the insurance sector,
highlighting its potential to improve industry-specific natural
language processing tasks. By further pre-training LegalBERT
on insurance-specific corpora, I introduced RiskBERT, a model
specifically tailored for insurance-related text classification tasks,
such as clause and provision classification. The experiments
demonstrated that RiskBERT outperforms the baseline models,
including Legal BERT and BERT-Base, across multiple evalua-
tion metrics, including accuracy and mean absolute error (MAE).
The significant performance improvements highlight Risk-
BERT's potential to enhance classification tasks within the in-
surance domain, with minimal task-specific modifications re-
quired.

The results suggest that RiskBERT offers a promising solution
for processing insurance documents, providing a more efficient
and accurate approach than existing models. The findings high-
light the potential for further pre-training models on domain-spe-
cific corpora to enhance their effectiveness in specialised fields.

For future work, I plan to evaluate the efficiency and scalabil-
ity of RiskBERT on a broader range of insurance datasets and
tasks. Additionally, I aim to explore the impact of further pre-
training on sub-domains within the insurance sector to assess
how domain-specific nuances can further improve model perfor-
mance. i also intend to expand the research by testing other
BERT-based models and their adaptations for domain-specific
tasks. This may contribute to the development of more robust
solutions for insurance document classification and other similar
applications.
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