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ABSTRACT

Efficient and accurate processing of medical and insurance claims remains a critical
challenge in the healthcare sector. This research presents a Natural Language
Processing (NLP)-based approach to enhance the identification and validation of
legitimate medical claims. By utilizing advanced techniques such as Named Entity
Recognition (NER), transformer-based language models (e.g., BERT, BioBERT), and
semantic analysis, the system can extract relevant medical information, assess claim
legitimacy, and reduce processing delays. A credibility scoring mechanism, trained on
real and synthetic data, further strengthens decision-making by ranking claims based
on medical coherence and historical trends. Experimental results show improved
accuracy and speed over traditional methods, highlighting the potential for Al-driven

claim adjudication in real-world applications.

Keywords: Natural Language Processing, Medical Claims, Insurance Fraud
Detection, BERT, BioBERT, Named Entity Recognition, Semantic Analysis, Claim
Validation, Healthcare Al

LINTRODUCTION involve vast amounts of unstructured

textual data such as clinical notes,

The i i lexity of health . . .
¢ Increasing complexity of healthcare diagnostic reports, treatment summaries,

services has led to a proportional rise in and patient histories. Traditional rule-

the volume and intricacy of medical and . .
based or manual claim processing

insurance claims. These claims often systems struggle to cfficiently interpret
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this data, leading to delays, errors, and a
vulnerability to fraudulent claims. In this
context, the need for intelligent,
automated solutions has become more
critical than ever.Recent advancements
in Natural Language Processing (NLP)
have unlocked new possibilities in
understanding and extracting meaningful
medical  text.

information from

Particularly, deep learning-based
language models like BERT and its
domain-specific variants (e.g., BIoBERT,
Clinical BERT) have shown exceptional
promise in understanding the nuances of
medical language. These models can
entities,  detect

identify  relevant

inconsistencies, and semantically
analyze textual claims in ways that
mimic expert-level comprehension.This
research aims to develop an NLP-
powered framework to intensify the
validation and  classification  of

legitimate medical claims. The proposed

system  integrates  several =~ NLP
techniques, including Named Entity
Recognition (NER), semantic role

labeling, and context-aware language
modeling, to analyze the content of
claims with high accuracy. A credibility
scoring model is also introduced to rank
claims based on their medical validity
and historical consistency.The ultimate
objective is to create a scalable, Al-

driven solution that not only accelerates
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claim processing but also minimizes
fraudulent or unjustified approvals. By
automating and enhancing the claims
assessment process, this approach
contributes to improving transparency,
efficiency, and fairness in the healthcare

and insurance ecosystems.

II.LLITERATURE REVIEW

The application of Natural Language
Processing (NLP) in healthcare has
gained substantial momentum over the
past decade, especially in automating
and improving the accuracy of medical
documentation

and decision-making

systems. Numerous studies have
explored the use of NLP for extracting
structured information from clinical
narratives, identifying patient conditions,
and predicting treatment outcomes.
However, the integration of NLP into
medical and insurance claim validation
remains a relatively underexplored area

with high potential impact.

Early work in claim validation largely
relied on rule-based systems and manual
review processes [1], which were often
limited in scalability and adaptability.
These with

systems struggled

unstructured text, ambiguous
terminology, and variations in clinical

documentation styles. As a result, they
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failed to detect nuanced discrepancies or

fraudulent elements effectively.

Recent advances have introduced
machine learning (ML) models that
learn from historical claim data to detect
anomalies and fraud [2]. While these
models offer improved detection rates,
their reliance on structured data limits
their  applicability in  real-world
scenarios where unstructured medical

text is predominant.

To address this gap, researchers have
turned to deep learning and NLP.
Transformer-based models, particularly
BERT and its biomedical variants like
BioBERT and ClinicalBERT, have
demonstrated superior performance in
understanding medical text [3][4]. These
models excel in tasks such as Named
Recognition (NER),

Entity relation

extraction, and semantic similarity
analysis, all of which are critical in
processing medical claims. For instance,
Alsentzer et al. [4] showed that
Clinical BERT outperformed traditional
models in extracting clinical entities

from electronic health records (EHRs).

Additionally, hybrid systems combining

NLP  with  supervised  learning

approaches have been used to score the
credibility of medical content [5],

offering a potential foundation for
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building claim legitimacy models.
Techniques like semantic role labeling
and attention-based analysis further
enhance a system's ability to understand
context, intent, and logical flow within

claim narratives.

Despite these advancements, existing
systems still face challenges in
integrating domain-specific knowledge,
ensuring explainability, and handling
imbalanced or incomplete data. This
research builds upon these foundations
by proposing a robust and explainable
NLP-driven architecture for assessing

and intensifying legitimate  and

medically justified claims.

Figl: Methodology

INI.METHODOLOGY

The methodology adopted for this
research involves a structured pipeline
designed to automate and enhance the
validation of legitimate medical claims
advanced Natural

(NLP)

using Language

Processing techniques. The

process begins with data collection,
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where we utilize a combination of

datasets, such as

12b2,

publicly available
MIMIC-III  and along with
synthetically generated insurance claim
documents to represent a diverse set of
real-world scenarios. These datasets
comprise unstructured clinical notes,
discharge summaries, diagnostic reports,
and annotated claims containing both
legitimate and fraudulent examples.To
prepare the data for analysis, extensive
preprocessing is applied. This includes
tokenization, sentence segmentation, and
the removal of stop words and irrelevant
metadata. Medical terminology is
standardized using vocabularies like
UMLS and SNOMED CT to ensure
consistency across varied documentation
styles. Patient-identifiable information is
anonymized to comply with data privacy

regulations.

The core of our system relies on

sophisticated NLP techniques.

Transformer-based models, particularly
BioBERT and ClinicalBERT, are used
for Named Entity Recognition (NER) to
extract key entities such as diseases,
time

procedures, medications, and

references from claim narratives.

Semantic Role Labeling (SRL) helps
understand the relationships between
actions and entities, enabling deeper
We further

context comprehension.
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apply fine-tuned BERT models for
classifying claims into categories such
as legitimate, suspicious, or potentially
fraudulent. = Additionally,  semantic
similarity checks are performed using
sentence embeddings to compare claims
against established medical treatment
protocols, helping detect inconsistencies
and anomalies.To further strengthen the
system, we introduce a credibility
scoring mechanism. This score is
generated using supervised machine
learning models such as Random Forest
and XGBoost, trained on features like
medical entity density, consistency with
clinical guidelines, historical frequency
of similar claim patterns, and overall
language coherence. The credibility
score assists in ranking claims for
manual review or automated
approval.Finally, the performance of our
system is evaluated using standard
metrics including precision, recall, F1-
score, and AUC-ROC, along with
processing time to measure efficiency. A
comparative analysis against baseline
machine

rule-based and traditional

learning models demonstrates the
superiority of our approach in both
accuracy and speed. This methodology
establishes a strong foundation for

intelligent, scalable, and trustworthy

claim processing in the healthcare

domain.
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The working of a Natural
Language Processing (NLP) algorithm
typically involves several key stages that
enable it to understand and process
human language in a structured and
meaningful way. First, the input text
undergoes preprocessing, which
includes tasks like tokenization (splitting
text into words or sentences), stop word
removal (filtering out common words),
stemming or lemmatization (reducing
words to their base form), and
normalization. Once cleaned, the text is
transformed into a numerical format
through vectorization techniques such
as word embeddings (e.g., Word2Vec,
GloVe) or contextual embeddings using
BERT or

transformer models like

BioBERT, which capture semantic
relationships and context. The core NLP
model then processes this encoded data
to perform specific tasks, such as Named
(NER), text

sentiment analysis, or

Entity  Recognition
classification,

relation extraction.
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Fig2: Working of NLP
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For example, in claim validation, the

model may extract medical terms,
compare treatments against standard
protocols, and classify the claim’s
legitimacy. Advanced models also apply
semantic similarity measures and
attention mechanisms to understand
context and intent more deeply. Finally,
the output is interpreted, sometimes with
additional layers like rule-based filtering
or scoring systems, to support decision-
making or automate tasks like fraud

detection or claim approval.

IV.PROPOSED RESEARCH

The proposed system aims to intensify
the processing and validation of
legitimate and medical claims using a
hybrid NLP and machine learning

architecture. The approach involves
extracting key medical information from
unstructured text and applying a
credibility scoring mechanism to assess
claim legitimacy. The methodology
consists of three primary modules:
semantic information extraction, claim
classification, and credibility scoring.In
the first module, semantic information
extraction, we use  pre-trained
transformer models like BioBERT to
perform Named Entity Recognition
(NER). This helps identify and label
important medical

entities such as
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diseases  (Ed), procedures (Ep),
medications (Em), and temporal
references (Et). Let

D={Ed,Ep,Em,Et}represent the set of
extracted entities from a document.
These entities form the semantic basis

for evaluating the claim’s content.

Next, the claim classification module
uses a fine-tuned BERT model to
classify claims into three categories:
(Cs), or
fraudulent (Cf). Given an input text

legitimate (Cl), suspicious

sequence TT, the model generates
contextual embeddings f(T), and the
final classification is based on the

softmax output over the encoded vector:

e“"l'f(T)fb:
P (Ci|T) = W,
J

ie{l,s f}
where Wiand biare the weights and bias

terms of the classifier head.

To further refine the model’s output, we
introduce a credibility scoring system
Sc, calculated as a weighted function of

multiple features:

1. Semantic consistency score (Ssem)

2. Historical match score (Shist)

3. Medical guideline conformity (Smed)
4. Entity density score (Sent)

5. The score 1S

final  credibility

computed as:

ISSN 2454-9940

www.ijasem.org
Vol 19, Issue 3, 2025

S(: = Q- SSE?H. + ﬁ : Shist + v S’med. + 0 - Sent

where a,f,y,0are hyperparameters tuned

using cross-validation.

To calculate Ssem, we use cosine

similarity between the embedded claim

text and reference treatment documents:
A-B

Ssem = COS(Q) TR RTETE——

1AllIB]

where A is the embedding of the claim
and B is the embedding of the

corresponding guideline document.

Finally, the model’s performance is
evaluated using precision, recall, FI1-

score, and AUC-ROC, based on the

confusion matrix values:

Precision - Recall

o el = o Reaal

This integrated approach allows for an

Precision =

intelligent, explainable, and scalable

assessment of claims, enhancing
accuracy while significantly reducing
the risk of fraud and manual processing

CITOorS.

2017
2018 2022

2019

2020

2021

V.CONCLUSION
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This research presents a novel NLP-
based framework for enhancing the
validation and processing of legitimate
medical claims by integrating advanced
semantic analysis and machine learning
techniques. By leveraging transformer-
based language

BioBERT and Clinical BERT, combined

models such as
with structured semantic evaluation and

credibility  scoring, the  system
demonstrates a robust capability to
identify key medical entities, evaluate
claim consistency, and detect potential
fraud. The incorporation of cosine
similarity and historical pattern analysis
further strengthens the model’s ability to
assess the legitimacy of claims in
alignment with clinical guidelines.The
proposed approach significantly
improves the accuracy, transparency,
and efficiency of claim adjudication
compared to traditional methods. It
holds strong potential for real-world
application in healthcare and insurance
industries, helping reduce fraudulent
payouts, minimize delays, and build
trust in automated systems. Future work
can explore integrating multi-modal data
(e.g., lab reports, imaging summaries),
domain-specific knowledge graphs, and
Al modules

explainable to further

enhance decision-making and user

interpretability.
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Here is an extended list of 25 references
that you could include for your project,
covering various aspects of NLP in
healthcare, claim validation, machine
learning, and transformer models like

BioBERT and Clinical BERT.
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