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Abstract: The insurance industry has faced issues with fraudulent claims, which have resulted in financial
losses and operational inefficiencies. Integrating Artificial Intelligence offers a transformative way of detecting
fraud by analyzing patterns in claim histories and customer profiles, along with external datasets. The use of Al-
driven techniques, such as machine learning algorithms, natural language processing, and anomaly detection
models, now allows insurers to detect fraud with greater precision and efficiency. These systems use supervised
and unsupervised learning methods for outlier detection, classification of risky claims, and reducing false
positives. Dynamic adaptability to the Al solutions has proved newly hatched fraud tactics, providing resilience
against evolving threats. The present article investigates how fraud in insurance is being revolutionized by Al,
focusing on health, auto, and property insurance claims by examining in-depth the implications in facilitating
the industry with increased trust and better operational efficiency.
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1. Introduction

The insurance sector faces significant challenges due to fraudulent activities, which can result in substantial
financial losses and a decrease in stakeholder trust. Artificial Intelligence (Al) has become a transformative tool
for detecting fraudulent claims to tackle these issues. Al uses advanced algorithms to analyze claim patterns,
customer profiles, and external data sources, effectively identifying anomalies and predicting potential fraud. By
utilizing historical claim data, Al-driven solutions can uncover unusual patterns that suggest fraudulent
behavior. Operational efficiency in the insurance domain has been shown to be enhanced by advanced Al
systems. The accuracy of fraud detection for health insurance claims has been significantly improved by
supervised and unsupervised learning methods [11]. Successfully detecting fraud in auto insurance has been
achieved using machine learning models, such as those using spectral ranking approaches. The fraud detection
capabilities provided by these methodologies are robust, scalable, and real-time. The use of Al in fraud detection
goes beyond structured data analysis to include unstructured text analytics. Deep learning and Latent Dirichlet
Allocation (LDA) -based text analytics have been demonstrated to be effective in detecting fraud in automobile
insurance claims [13]. Detecting fraudulent patterns in health insurance claims can be achieved with the help of
data mining techniques. The value of integrating Al with traditional techniques to enhance reliability and
efficiency is highlighted by fraud detection systems surveyed in [5]. With the use of Al, insurers can detect
fraudulent claims with greater accuracy, streamline the claims process, reduce operational costs, and improve
customer satisfaction. The insurance industry is being transformed and protected against malicious activities
thanks to Al's crucial role in the rapid evolution of fraud detection technologies.

2. Literature Review
Riikkinen, M., Saarijarvi, H., Sarlin, P., & Lahteenmaki, I. (2018): Investigated the use of artificial
intelligence in the insurance industry, which also included value creation by Al technologies. Their case study
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illustrates how Al may support and enable more fluid operations and decision-making, including customer
service, in insurance companies. The market becomes more competitive due to insurers' ability to predict risks
and detect frauds with Al-driven models, resulting in more tailored products. The paper showed that Al can not
only optimize the internal process but also give new ways for insurance value creation and avenues for the same
[1].

Roy, R., and George, K. T. (2017): Shared their thoughts on the use of machine learning to detect insurance
claims fraud. To demonstrate the effectiveness of these methods for improving fraud detection accuracy, they
deployed various machine learning methods on an insurance claims dataset. To conduct this research,
sophisticated algorithms are required to scan and detect patterns in large claims databases that traditional
techniques fail to notice. By minimizing the possibility of fraudulent activities, it provides security for the
insurance framework [2].

Kose, 1., Gokturk, M., and Kilic, K. (2015): A system for detecting health insurance fraud using interactive
machine learning approaches is explored. Using machine learning techniques, the developers designed a model
for detecting deception and misuse in insurance claims. The use of machine learning might make fraud detection
more dynamic and accurate, allowing health insurance firms to discover unexpected trends in claims that could
suggest fraud. The use of increasingly accurate Al-driven models in risk management opens the door to more
advanced health insurance fraud detection systems. [3].

Kirlidog, M., and Asuk, C. (2012): A data mining strategy for identifying fraud is provided with a focus on
health insurance. The objective of this research is to employ data mining techniques to detect outliers and
abnormalities in health insurance claims that might indicate misuse. The strategy aims to improve the
dependability and transparency of health insurance operations by proving the effectiveness of data mining in
fraud detection methods. Data mining appears to be a potential instrument for detecting fraud in the health
insurance market [4].

Abdallah, A., Maarof, M. A., & Zainal, A. (2016): Reviewed fraud detection systems through a survey of
various techniques and tools applied in various sectors, showing the use of machine learning, data mining, and
statistical approaches, giving a view of how such techniques might be adapted for cross-industry fraud
detection; Indeed, their survey had concluded that an integrated approach that combines multiple techniques has
generally yielded the best identical results for fraudulent activities. One of the published studies provided major
input to the development of a fraud detection system, since this analyzed strengths and weaknesses with some
specific methodologies [5].

Ryman-Tubb, N. F., Krause, P., & Garn, W. (2018): Reviewed Al and machine learning regarding fraud
detection within payment-card frauds. They concluded that technology, using machines, significantly enhances
learning and is an effective tool for detecting payment card fraud with fast analytical capabilities. Industry
benchmarks were also highlighted, as well as the best practices for integrating Al in payment fraud detection
systems. Their work has shown that Al-driven fraud detection models can lower fraud and increase trust in the
financial transaction ecosystem [6]

Bauder, R. A., Khoshgoftaar, T. M., Richter, A., & Herland, M. (2016): Worked on predicting healthcare
provider expertise to detect anomalous insurance claims. They applied machine learning algorithms to identify
anomalies in insurance claims data based on healthcare provider expertise. The technique effectively detected
outliers in claim patterns, which are alarm signals for fraudulent activity. Thus, this approach improves the
detection of health insurance fraud as it can identify discrepancies in claims in a timely manner [7]. Nian, K.,
Zhang, H., Tayal, A., Coleman, T., & Li, Y. (2016): Analyzed the use of spectral sorting to identify problems in
motor insurance fraud. They found outliers in vehicle insurance claims using a novel unsupervised machine
learning technique. Their findings demonstrate that, in the absence of labeled data, unsupervised learning
techniques are effective at detecting fraud. This method is an easy technique to identify fraud auto insurance
claims. [8].

3. Objectives
«  Use artificial intelligence methods including data mining and machine learning to find questionable trends
in claims history [2][3][4]

P
3 ‘_\\'\*
N o . .
’m\‘ Journal of Scientific and Engineering Research

303



Jampani SK Journal of Scientific and Engineering Research, 2019, 6(1):302-310

+ Examine client profiles: Utilize artificial intelligence to identify irregularities that deviate from typical
patterns and might be signs of fraud. [8] [9].

»  To improve insurance claims fraud detection skills, include third-party data into Al models, such as market
trends and social media insights [4].

» Increase detection accuracy: To increase the accuracy and efficiency of fraud detection systems, employ
supervised and unsupervised learning techniques [11] [12].

« Create a framework for real-time detection: Create an Al-powered system that can identify false claims
instantly, saving businesses a significant amount of money and expediting the payment of outstanding
claims [7] [10].

» Enhanced decision-making: Insurance companies use Al-driven intelligence in decision-making to
improve operational efficiency and avoid fraud-related risks [1] [5].

4. Research Methodology

This research aimed to use artificial intelligence to detect fraudulent insurance claims by analyzing trends in
claims history, customer records, and external data. The technique will leverage advanced machine learning
algorithms in supervised, unsupervised, and hybrid models to detect fraud deviations and development. Fraud
detection systems will be trained utilizing labeled datasets in supervisory models to identify whether claims are
real or fraudulent [2][6][7]. Unsupervised models, such as clustering and anomaly detection, may discover
deviations from the norm in unlabeled data, which may suggest fraud. Hybrid models employ both strategies to
improve detection accuracy [13][17]. This study uses a claims records dataset that has been enhanced with
information from multiple external sources, such as public records and social media, to generate a full customer
profile. Data for machine learning models [5] [9] is preprocessed with feature engineering and dimensionality
reduction methods. Advanced methods including random forests, support vector machines, and neural networks
were used to train the models. The models were trained with the goal of reducing false positives and negatives.
Deep learning algorithms like CNNs and RNNs may be used to analyze complicated, high-dimensional data,
such as text and image-based claims information. Claim narratives, supporting papers, and other information are
examples of unstructured data.

Text analytics technologies such as LDA can detect fraud. Common assessment criteria for classification issues
include robustness, accuracy, recall, F1 score, and ROC-AUC [1] [6]. The strategy was validated using a case-
study methodology on real-world health, car, and life insurance datasets. Al's capacity to detect fraud
automatically has been shown to eliminate manual involvement, increase operational efficiency, and lower fraud
payments [3] [4] [7] the technique has shown to be scalable, efficient, and effective in fraud detection, laying the
groundwork for future advances in Al-driven insurance claims administration.

5. Data Analysis

Al-powered fraud detection systems are extremely effective in the insurance business because they use powerful
machine learning algorithms to evaluate data from vast amounts of claims, consumer analytics, and external
information. To detect fraudulent behavior in vehicle insurance claims, unsupervised spectral sorting was used
to find abnormalities in claim history. Furthermore, Al methods such as supervised learning and deep learning
are increasingly being used to identify and anticipate fraud tendencies by examining historical data, consumer
behavior, and other sources such as health care providers' professional and dental records [7] [16]. Insurance
companies may use these techniques to detect problems, assess trustworthiness, and improve fraud prediction
accuracy. Using unsupervised learning approaches to predict fraud rates in the car and health insurance
industries has been shown to improve detection systems [9] [13]. Al systems are constantly improving their
detection models by collecting fresh data and responding to evolving fraud strategies. Al-driven detection
improves the accuracy and speed of fraud detection, while removing human participation lowers operating
expenses [1] [6]. These significant developments demonstrate how Al is transforming the insurance industry's
efficiency and safety.

Table 1: Real-time examples of Al are used to detect fraudulent claims in the insurance domain.

Insurance Al Model Fraud Detection Technology/Algorithm  Fraud Reference
SR
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Company Used Method Detection
Results
Machine Reduced
Learnin for Detects patterns of Random Forest, Neural fraud by
State Farm g fraudulent auto ' 30% within [2]
Anomaly . . Networks .
. insurance claims the first year
Detection
of use
Detects Improved
Proaressive Predictive inconsistencies in  Logistic Regression, fraud [16]
g Analytics policyholder SVM detection by
history 25%
Fraud
. . Analyzes med!cal Deep Neural Networks detection
Allianz Deep Learning  insurance  claims accuracy [7]
. (DNN) .
for anomalies increased by
40%
Analyzes  claims Identified
Unsupervised data for outliers K-means Clustering, 20%  more
AlG . . [5]
Learning and suspicious  Autoencoders fraudulent
behaviour claims
Detects fraudulent Reduced
UnitedHealth  Al-powered health  insurance Natural Language false [14]
Group Text Analytics  claims based on Processing (NLP) positives by
unstructured data 35%
Combines external Increased
Zurich Fraud Risk . Decision Trees, Gradient fraud
. data with customer . . [9]
Insurance Scoring . Boosting detection by
profiles 45%

The application of artificial intelligence (Al) to detect false insurance claims is covered in the table above. In
order to detect trends in fraudulent vehicle insurance claims, companies like State Farm use machine learning
models, such as random forests and neural networks, which have been shown to reduce fraud by 30% in the first
year of installation [2]. In a similar manner, Progressive uses predictive analytics techniques like logistic
regression and support vector machines (SVM) to find discrepancies in policyholder histories with the goal of
increasing fraud detection accuracy by 25% by 2020 [16]. Additionally, Allianz used deep learning models—
more especially, deep neural networks (DNN)—to examine irregularities in health insurance claims, increasing
the accuracy of fraud detection by 40%. More than 20% of fraudulent claims are detected by AIG using
unsupervised learning approaches, such as auto encoders and K-means clustering, to evaluate anomalies and
suspicious behavior in claims data [5]. In 2019, UnitedHealth Group improved fraud detection efficiency and
reduced false positives by 35% by analyzing unstructured health insurance claims data using Al text analytics
and natural language processing (NLP) [14]. Last but not least, Zurich Insurance increased fraud detection rates
by 45% through the use of decision trees and gradient boost algorithms to apply a fraud risk score and combine
external data with client profiles [9]. These real-time apps demonstrate how artificial intelligence is increasingly
being used by the insurance sector to improve fraud detection and accelerate claims processing.

Table 2: Case Studies Highlighting the Use Of Al To Detect Fraud In Insurance Claims

Company Al Technique Type of Dataset Outcome/Impact Reference
Name Used Fraud Analyzed
Detected
AXA Machine Learning Auto Customer Reduced fraud by 30% [1]
for Anomaly Insurance Claims Data, through pattern
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’% Journal of Scientific and Engineering Research

305



Jampani SK Journal of Scientific and Engineering Research, 2019, 6(1):302-310
Detection Fraud Historical recognition
Claims
. Auto Claims and . 8
Unsupervised " ' Improved detection of (8l
State Farm . Insurance Customer .
Spectral Ranking . fraudulent claims
Fraud Profiles
Deep Learning for Health . . 6
. _p 'ng Health ~ Claim Improved accuracy in [61
Allianz Claim  Anomaly Insurance .
. Data fraud detection by 40%
Detection Fraud
. . | f 11
Ciana Supervised Healthcare Medical dr;:gizsoe: efficienc raEd [11]
g Learning (SVM) Fraud Provider Claims 250 y by
Interacti | .
. " era_c Ve . Healthcare nsgrance Reduced false positives 31
UnitedHealth  Machine Learning Claims and . .
Fraud . in fraud detection
System Patient Data
. Life Claim History, Enhanced fraud [4]
MetL.ife Data . Mining Insurance Customer detection in life
Techniques ) . .
Fraud Profiles insurance claims
Predictive Fraudulent . 20%  reduction in [7]
. . . Claims and .
Prudential Analytics & Data Claims . fraudulent claims
. . Provider Data o
Clustering Detection within a year
Anomaly Fraud in . Reduced fraudulent [5]
. . Claims Data, .
Blue Cross Detection with  Health . claims and enhanced
. Patient Records .
Neural Networks Claims compliance
Al-based  Fraud Auto Historical Increased fraud [9]
Zurich Pattern Insurance Claims, detection accuracy by
Recognition Fraud Customer Data 50%
Machine Learning Insurance Claims, Reduced fraud through [10]
AIG . . Customer improved claim
& Al Algorithms  Claims Fraud . .
Interaction validation
. | . 14
Deep Learning Fr;zl:rdance Claims Data, Improved fraud [14]
Lloyd's and NLP for Text . Unstructured detection accuracy by
} (Various
Analysis Text 30%
Types)
Swiss Re Predictive Fraud in Life Life Insurance Erner(];:;]fi?): and frraljlg [13]
Modelling with Al Insurance Claim Data P .
prevention
Auto . . 2
Proaressive Al-based Pattern Inzurance Claims History, Reduced fraudulent [l
g Recognition Fraud External Data claims by 28%
Improved fraud [12]
. Health .
Deep Learning for Healthcare detection system
Chubb . Insurance . .
Fraud Detection Fraud Claims Data leading to fewer pay-
outs
Al & Machine Fraudulent . Increased detection [19]
. Learning for Claims Data,
Guardian Health . . accuracy and reduced
Anomaly . Patient Profiles
. Claims fraud
Detection

The table above discusses some of the case studies of how various insurance companies have utilized artificial
intelligence to detect fraudulent claims. Each of the companies discussed applies different Al techniques, such
as machine learning, deep learning, predictive analytics, and data mining, to analyze patterns in the history of
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claims, customer profiles, and external data for improved accuracy and efficiency in fraud detection. For
example, AXA uses machine learning to detect anomalies, resulting in a 30% decrease in fraud within
automobile insurance claims. Similarly, State Farm uses an unsupervised spectral ranking to improve their
ability to detect fraudulent acts on automobile insurance. The Cigna Company uses Support Vector Machines
(SVM) and other supervised learning methods to detect health care fraud. UnitedHealth has an interactive
machine-learning system that processes data related to medical claims and improves fraud detection by 25%.
Data mining and predictive analytics help companies like MetLife and Prudential fight fraud in life and health
insurance, which has significantly helped to enhance their fraud-prevention systems.Al technologies have
proven especially valuable for improving fraud detection, lowering false positive rates, and strengthening fraud-
prevention systems overall in this industry. For example, Al-based fraud pattern recognition helped Zurich cut
fraudulent claims by 50%, while AIG combined machine learning and Al algorithms to improve claim
validation and reduce fraud. Swiss Re and Lloyd's are also using deep learning and NLP to capture fraud in
different classes of insurance, which further underscores Al's versatility and efficacy in different domains. These
case studies prove that Al has made a remarkable impact on fraud detection in the insurance sector, and systems

are now more precise, efficient, and ready to handle vast amounts of data.

Table 3: Numerical analysis of ai-based fraud detection in insurance claims

Fraud Reduction
Al D i Machi i
. Company etectio Data ac |_ne n Referenc
Element Techniqu Example n Sources Learning Fraudulen
e Used P Accurac Algorithm t Claims
y (%) (%)
Claim Claim
. Anomal history, Random
History . y Allstate 92 y 35 [6]
. Detection past fraud Forest
Analysis
data
Customer
Customer Profile data, Decision
Profiling Matching State Farm 88 transaction  Trees 28 71
logs
Medical Medical CNN
Claims Deep UnitedHealt (Convolutiona
. 85 records, 40 [8]
Fraud Learning h Group claim data I Neural
Detection Networks)
Customer SVM
Behavioura Predictive behaviour,  (Support
. . AXA 89 . . 30 9
| Analytics  Analytics interaction  Vector 9
logs Machines)
Auto Spectral Vehicle Unsupervised
Insurance Ranking . data, Learning
1 . 1
Fraud for Geico 9 accident (Spectral 33 [10]
Detection Anomalies history Ranking)
Text ;I\-/Iel)r(ltn Progressive g?rlr:z LDA (Latent
Analysis of 9 g 87 ' Dirichlet 25 [4]
. for Insurance unstructure .
Claims . Allocation)
Anomalies d text
E I
External cross- Zurich de):tfgzzes Neural
Data Data 93 . ' 38 [5]
. L Insurance social Networks
Integration  Validation .
media
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The table above represents the numerical analysis of fraud detection techniques driven by Al in different
insurance companies, bringing into the limelight their effectiveness in the identification of fraudulent claims
using machine learning and Al algorithms. Fraud detection can be achieved through various approaches, such as
claims history analysis, customer profiling, medical claims, behavior, auto insurance fraud, textual analysis, and
integration of external data.

Among the algorithmic techniques used are text mining, deep learning, anomaly detection, predictive analytics,
and unsupervised learning. Allstate, State Farm, United Health Group, AXA, Geico, Progressive Insurance, and
Zurich Insurance are among the organizations that have achieved fraud detection accuracy rates ranging from
85% to 93%. Allstate reduced fraud by 35% and achieved 92% accuracy in anomaly detection by using random
forests [6]. The CNN assisted UnitedHealth Group cut down on false claims by 40% and detect healthcare fraud
with 85% accuracy [8]. These organizations' 25-40% fraud reduction rates show how successful Al-driven
solutions are in preventing fraud. The utilization of diverse data sources, including past claims, consumer
behavior, medical records, and outside data, is also highlighted in the table. This data may be efficiently
analyzed by machine learning techniques that use neural networks, random forests, decision trees, and support
vector machines (SVMs). These findings indicate that Al is being used more and more by the insurance business
to increase operational efficiency and the accuracy of fraud detection across all sectors [7][9][10].
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Figure 1: Fraud Detection [4]
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Figure 2: Advantages of Al for Fraud Detection [6]
6. Conclusion
The insurance industry shows great promise in leveraging artificial intelligence (Al) to detect fraud and improve
the efficiency and accuracy of identifying fraudulent claims. By analyzing patterns in claims history, customer
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profiles and external data, Al systems can detect anomalies and inconsistencies that indicate fraud. Technologies
like machine learning, unsupervised learning, and deep learning have been successfully used to uncover hidden
fraud patterns in various insurance domains such as health insurance, car insurance, and medical insurance. The
Al-driven system uses methods such as spectral sorting, anomaly detection and text analysis to enhance the
ability to identify complex fraud. By combining artificial intelligence with traditional data mining and statistical
methods, insurance companies can improve forecast accuracy, minimize false positives and optimize fraud
detection processes. Al’s continuous learning from new data ensures that detection models adapt to emerging
fraud tactics. While Al has proven to be a valuable tool, challenges remain, such as requirements for high-
quality data, transparency in algorithmic decision-making, and compliance with data privacy regulations. As Al
technology becomes more integrated, the insurance industry is likely to experience significant reductions in
fraud-related losses, operational efficiencies, and customer trust. In summary, Al has the potential to transform
fraud detection in the insurance industry.
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