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Abstract: This post will also help you to realise how Atrtificial Intelligence and Machine Learning has been gaining high
adaptation in the Insurance industry to accelerate claims processing, boost accuracy, and increase operational efficiency. In
particular, this study covers how AI/ML algorithms can be implemented specifically in Claim Center to improve claims
triaging, identify fraud, and determine damage. This paper leverage predictive models to improve claim severity estimation,
loss prediction, and reserve setting. Exploration of advanced technologies like Natural Language Processing (NLP) for
handling unstructured data, Computer Vision for automated vehicle damage identification, and Deep Learning for predicting
complexity in claims are also included. MCs & Bls currently provide conventional models for insurance, and this paper
showcases the disruptive capabilities of Al & ML to revolutionize claims automation in the sector by offering accurate, real-
time, efficient solutions.
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Introduction:

There is a massive transformation happening in the
insurance industry fueled by technology, especially
Al and ML. With the rising number of claims,
insurers are put under constant pressure to
effectively make their claims processes more
efficient, accurate, and swift. Methods of claims
processing are traditionally manual, laborious, and
susceptible to human error and inconsistencies. The
demand (and necessity) for increasingly mature,
automated systems has never been higher. Claim
Automation, backed by Al and ML models, seems
to be the most viable solution to overcome the
situation by providing wide-capability stems in the
claims processing that are Claims Triage, Fraud
Detection, Damage Assessment, etc. Utilizing Al
and ML, insurers can assess claim severity, estimate
potential losses, and set reserves more accurately to
enhance the claims experience for customers while
simultaneously optimizing operational efficiency
from the perspective of the insurer.

A key challenge in the claims processing system is
dealing with the vast volumes of unstructured data
that accompany claims. Traditional methods tend
to struggle with analyzing adjuster notes, emails,
and other textual documentation. Unstructured data,
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even, isbheing processed and examined by insurance
companies through the power of Natural Language
Processing, or NLP, a branch of Al. NLP models
have the potential of deriving insights from common
documents at the disposal of an insurance adjuster
or claims handler e.g. adjuster reports, emails, etc.,
leading to a more accurate, and streamlined process
of triaging claims.

Damage Assessment: Another key element of
claims automation is damage assessment, especially
in vehicle insurance claims. Traditionally, damage
assessments require human adjusters to manually
inspect photos or the property that has been
damaged. But with the development of Computer
Vision, Al models can now take a glance at images
uploaded by policyholders and compute damage
automatically. This not only makes the process
faster, but also significantly less prone to the risk of
human error in the damage assessment.

In particular, the emergence of Deep Learning as a
subtype of ML is paramount in optimizing
prediction models in this context for more difficult
claims. They can digest huge amounts of historical
data, allowing insurers to better predict the severity
of claims, potential losses and the most appropriate
level at which to set reserves. Because deep learning
algorithms are trained on past claims data, they learn
how to categorize and label new data based on
patterns and trends learned from older data, leading

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2025, 13(1s), 70-77 | 70



to enhanced decision-making capabilities, as well as
allowing insurers to establish more accurate
financial reserves.

Al & ML Based Claims Automation Process NLP,
Computer Vision & Deep Learning Al MVC The
results of this analysis (concentrating on Claim
Center) support the understanding of predictive
analytics methodology applied to claim severity,
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loss estimation, and reserve setting, and demonstrate
how such analytics can improve the entire claims
experience for insurers and policyholders alike.
Through these innovative efforts, the insurance
industry is transforming by enhancing internal
processes, increasing customer  satisfaction,
mitigating fraud, and facilitating more accurate and
efficient claim handling.

To Analyse

Association |
Rules are
Created

Identify
Relationships

If|else A
Patterns are
Analysed

Figure 1: Fraud Detection Process Flow

Explanation: Transaction monitoring or in any fraud
detection usage its used this is how the process flow
moves. Data Warehousing: It starts with data
warehousing where datasets are collected and stored
for analysis. The next stage in your process is To
Analyze, which analyzes the data for any
discrepancies or anomalities.

During the analysis phase, Association Rules are
created, which help define relationships and trends
from the historical data that can indicate fraudulent
behavior. ldentifying relationships — looking for
relationships across different data, such as
transactions or user behaviors that may indicate
fraudulent behavior.

If the system detects patterns of concern, it follows
up with an If-Else Pattern Analysis that assesses
more potential fraudulent activity. If ever
fraudulent usage is detected, Authentication by the
Customer takes place confirming that the usage
involved is a legitimate user. In conclusion, Upon
failure, an alert occurs, and it cancels the

transaction, effectively stopping any expensive
fraudulent activities.

Literature Review

Al and ML powered claims automation has evolved
and advanced tremendously in the last 10 years. Al
and ML methods are applied to simplify the
complete claims lifecycle from claims triage, fraud
detection, to damage assessment and predictive
modeling. This section provides a review of the
literature relevant to these technologies and their
usage in the claims process  .Srinivasa
Subramanyam Katreddy( 2024).

Claims Triage: The process of categorizing claims
according to the degree of severity and complexity
and developing a strategy for processing. Al/ML
Models (for example, supervised learning
algorithms) have been used to predict claims
complexity using the historical data. According to
Chien et al. Al systems could assess claim severity
and route claims to the respective adjusters with
accuracy, which minimizes manual efforts and
expedites claims processing (Tavakol, et al.
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Moreover Sharma and Agarwal (2021) have
described the application of predictive models such
as decision trees and random forests for efficient
claims triage in insurance companies. Srinivasa
Subramanyam Katreddy( 2024).

One of the major applications of AI/ML methods is
fraud detection in the insurance processes.
Traditional fraud detection methods typically
depend upon a combination of static rules and
heuristics, which can overlook more advanced
fraudulent conduct. Al and ML offer more flexible,
data-focused solutions. Ravi et al. The work of
(2022) show that deep learning algorithms such as
Convolutional Neural Networks (CNNs) are used to
detect fraudulent claims (Harrison et al. 2022), with
these models outperforming traditional methods in
identifying intricate patterns tied to fraudulent
behavior (Harrison et al. 2022). Zhao et al. (2020)
have studied the use of supervised learning
techniques such as logistic regression and decision
trees to improve fraud detection in claims
processing. Srinivasa Subramanyam Katreddy(
2022).

The Computer Vision in the Damage
Assessment

Another major aspect of claims automation is
damage assessment, especially in regards to
vehicular insurance. By using Al technologies like
Computer Vision (CV), damage assessment is
being reimagined based on policyholder
submissions. Li et al. showed that with the help of
Convolutional Neural Networks (CNNs), it is
possible to evaluate vehicle bodies using photos and
that the results are significantly more accurate than
those obtained with manual evaluations and more
timely as well (2021). Al-driven damage detection
mitigates human error and accelerates the claims
process. Mohamed et al. (Batista et al. 2020) delve
deeper into the role of CV-based systems in
assessing the severity level of damage and
automating the damage report process, which can
improves the accuracy and efficiency .Srinivas
Gadam (2024).

Predictive Modeling

In the area of claims automation, predictive
modeling aims at predicting future claims
implications  including claim severity, loss
forecasting and reserve type-setting. Bae et al.
(2019) o use ensemble methods to predict the
outcome of a claim and show that improvements in

prediction accuracy can be achieved by employing
an ensemble of multiple models. Khan et al. (2021)
explore how gradient boosting and deep neural
networks can be used to estimate loss amounts and
find that using ML models leads to more accurate
loss predictions than traditional actuarial methods.
Srinivas Gadam (2024)

Natural Language Processing (NLP)

The importance of Natural Language Processing
(NLP) plays a significant role while dealing with
unstructured data like emails, adjuster notes, and
claim forms. NLP techniques can enable extraction
of useful insights from this data, enhancing the
success of the claims process. Jin et al. (2020) apply
natural language processing (NLP) techniques to
reports written by adjusters and customer
communication, creating an automatic claims
review process. According to Chakraborty and
Sinha (2021), NLP models such as Bidirectional
Encoder Representations from  Transformers
(BERT) have been used in claims triage to help
make the process faster and more accurate in terms
of claims categorization. Srinivas Gadam (2024)

Deep Learning to Predict Complex Claims

However, they also suffer from drawbacks, and
other, even more advanced, approaches exist;
models based on the same data but with deep neural
networks can provide excellent performance on
complex claims prediction. These models are
powerful because they look at large datasets to find
patterns that can predict the future, resulting in more
accurate outcomes for claims. Xu et al
Demonstrating the capability of deep learning in
sequential data, Hashem poor et al. (2022) apply
Long Short-Term Memory (LSTM) networks to
model claim severity. Zhang et al. (2021) also
discuss the use of deep learning for the prediction of
fraud claims and comment that deep learning models
can learn patterns that may be too complex to detect
with traditional methods.

Claim Center integrations for Al and ML

Al and ML technologies in Claim Center is a world-
class claims management platform that adds the
power of Al and ML technologies to automatically
manage important components of the claims
process. Singh and Gupta (2020) share how Claim
Center leverages machine learning algorithms to
perform predictive analytics for claim triage and
fraud detection. Al integration on the platform
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streamlines the process and automates it, enhancing
operational efficiency and customer satisfaction.

Summary of Key Trends

With the application of Al and ML in claim
automation, the insurance sector is undergoing a
technical revolution. Key technologies like NLP,

CV, and deep learning are driving insurers to
automate repetitive tasks with better accuracy and
also curtail fraud. These technologies are increasing
claims processing velocity and enhancing customer
experience by providing faster and more accurate,
timelier decisions

Figure: 2 Methodology flow diagram

Here is the flowchart illustrating the methodology
for Al and Machine Learning in claims automation.
It visualizes the various stages involved, with arrows
showing the flow between each step, giving a clear
representation of the process.

Results and Discussion

The incorporation of Artificial Intelligence (Al) and
Machine Learning (ML) into claims automation has
shown great potential, greatly enhancing the
efficiency, accuracy, and uniformity of claims
management processes. Insurers have achieved
quantifiable results across several critical areas with
the use of Al-based models for claims triage, fraud
detection, damage evaluation, and predictive
modeling.

Claims Triage

So, it’s there where ML models have shown some
pretty impressive results regarding claims triage,
where you can combine a faster processing time and
reduced human error. Insurers can prioritize urgent
claims and expedite the resolution process for
simple ones by automating the claims classification
process based on severity and complexity. Sharma
and Agarwal (2021) found in their case study that
the use of Random Forest and decision tree
algorithms reduced processing time by 30% for
claims, when compared to traditional methods. That
speeds things up, leading to a boost in customer
satisfaction, ensuring that more complex claims are
processed accordingly in a timely manner.
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Damage Assessment Using Computer Vision

Our expertise includes innovation in Computer
Vision (CV) models that have transformed damage
assessment, especially in the automotive insurance
industry. With image recognition technology,
insurers can immediately assess the extent of
damage based on photos policyholders companies
experts submit. Li et al. CNN based models were
90% accurate in damage classification compared to
traditional manual inspection for identify vehicular
damages according to Li et al. (2021). It helps to
reduce the number of physical adjusters required,
speeds up claims processing, minimizes human
error, which is essential for fair and objective
damage assessments, he concluded.

Predictive Modeling for Claim Severity and Loss
Estimation

ML models have also delivered outstanding results
in the context of claim severity prediction, loss
estimation, and reserve setting. Insurers can use
historical claims data to predict the future financial
implications of future claims and set more accurate
reserves. Bae et al. (2019) reported that ensemble
methods, such as boosting and bagging techniques,
performed better than those for loss estimation
methods in both short-term and long-term
occurences, which further enhanced financial
planning and risk management. Notably, these
models help identify high-severity claims early on,
allowing insurers to allocate resources accordingly
and minimize potential risks.

Natural Language Processing (NLP) for
Unstructured Data

Natural language processing (NLP) models have
made great strides in dealing with unstructured data
such as adjuster notes, emails and claim forms.
Natural language processing (NLP) can improve the
triage process by extracting useful information
from text and ensuring that relevant details are
captured in a concise, timely manner. Jin et al. ¢
Using NLP models with algorithms such as BERT
(Bidirectional Encoder Representations from
Transformers), Jahangir & Pal (2020) discovered
that such models can reach an 85% accuracy level in
extracting key information from unstructured claim
documents, which increases decision-making
efficiency and lowers the risk of overlooking
important details in claim processing.

Challenges and Limitations

However, despite the encouraging results, using
computer intelligence for claims automation does
not come without challenges. One of the main
challenges is that models need a lot of quality data
to train them properly. Model performance issues
and inadvertent biases arise when data is either
incomplete, incorrect, or skewed (like in cases of
fraud detection and claims classification). Al-driven
claims automation will only be successful when data
quality issues are addressed, and models are trained
on diverse and representative datasets.

Integrating Al systems into existing claims
management workflows is another hurdle. The
legacy systems of many insurance companies may
not be fully compatible with the new technologies of
Al. Many organizations will have quite a bit of work
to do before getting to that level, requiring careful
planning, cross-functional collaboration, and
investment in infrastructure upgrades to enable a
seamless adoption of these newer paradigms.

Future Directions

In the future, use of Al & ML in claims automation
is predicted to become increasingly advanced.
Future work may delve into better interpreting Al
models, making it easier for insurance professionals
to understand how the model arrives at its
decisions. This is a requirement that is crucial in
high-stakes domains like fraud detection and claims
severity prediction, where trustworthiness is
fundamental to their use.

Moreover, combining Al with other innovative
technologies, namely, the Internet of Things (1oT)
and blockchain, can contribute even more to the
automation of claims. PTC: Internet of Things (1oT)
devices (like those in cars with telematics) can be
used in real time to support assessing damage and
validating claims, and blockchain can serve to
reliably store and authenticate claims data to
mitigate fraud and ensure data integrity.

To sum wup, Al and ML has become the
revolutionary technologies in the claims automation
process, providing the best in efficiency, accuracy,
and cost performance. However, there are certain
challenges that still exist, and with the evolution and
adaptation of these technologies, the results will
certainly change the insurance industry in the future
and offer claim management solutions that are more
accurate, timely and reliable.
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Table 1: Al and Machine Learning Models for Claims Automation

Model/Technique Application

Accuracy/Effectiveness

Benefit

Random Forest Claims Triage

30% Faster Processing

Faster Claims Processing

(Boosting/Bags)

Convolutional Neural | Fraud Detection 25% Higher Accuracy Enhanced Fraud
Networks (CNN) Prevention
Ensemble Methods | Loss Estimation Better Loss Prediction Better Financial Planning

BERT (NLP) Unstructured Data | 85% Accuracy in Text | Improved Decision
Extraction Extraction Making
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I have provided the results table displaying different
models/techniques, their applications, effectiveness,
and benefits in claims automation. Additionally, a
bar graph representing the effectiveness of each
model in terms of accuracy has been displayed.

conclusion

In this way, claims automation fuels productivity
and performance by gathering, processing and
analyzing data intelligently and on-the-fly, saving
both time and resources. By automating such critical
functions as the triage of insurance claims, fraud
detection, and damage assessments, these
technologies can enhance operational performance
and customer satisfaction. Though there are still
challenges, such as data quality and system
integration, new developments in Al and ML have

great potential to transform the claims process as we
know it today in a more reliable, faster, and cost-

effective way.

Future scope

Al and Machine Learning in claims automation is
already being explored, with some promising
results, as a future feature of claims automation for
real-time claim processing, better fraud reporting,
and more efficient predictive analytics. While this
will likely lead to reduced premiums, insurer’s
ability to settle claims more quickly, allocate
resources more efficiently, and offer tailored
customer experience will be enhanced with the
evolution of technologies such as deep learning,
NLP and blockchain. These developments will, in
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the long run, facilitate greater efficiency,
transparency, and innovation in the insurance field.
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