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Abstract

Insurance fraud, characterized by false or exaggerated claims, is a major economic crime
worldwide, undermining trust between insurance companies and their customers. Detect-
ing these cases is a priority issue nowadays. This paper presents a fuzzy inference system
for the early identification of suspicious claims in the compulsory motor liability insurance
market. The study focuses exclusively on cases involving two privately owned passenger
cars where no personal injury, but only property damage, occurred. A Mamdani-type
inference system was created, using simple independent input parameters: the value (in
EUR) and the age of the vehicle (in years) and the payment period of the insurance contract.
The last parameter was introduced as a qualitative factor. These were linked to the risk
level resulting from the characteristics of the vehicles involved in the incident. For this
purpose, real insurance data were used.

Keywords: insurance fraud detection; economic risk; risk level; Mamdani-type fuzzy
inference; motor insurance

1. Introduction
Economic crime occurs in many areas of our lives [1]. The transport and transportation

sectors are no exception. But here, as critical infrastructure, it is vital to detect, handle, and
reveal these incidents and minimize their occurrence all around the world.

Schrijver et al. [2] presented a detailed review on potential methods for automobile
insurance fraud detection. Machine learning and data mining are proposed as useful tools.
Benedek et al. [3] compared traditional and AI-based methods. Several challenges were
introduced: imbalanced datasets, the lack of standardized fraud indicators, the limited
availability of proper datasets, etc. It was highlighted that cost-sensitive models have to
be developed.

Real-life insurance data can provide more information about the situations in the vehi-
cle insurance market. Lincoln et al. [4] highlighted the challenges of vehicle insurance fraud
with the investigation of the Australian market. The research contained recommendations
from a practical point of view: potential “red flags” like missing data, behavioral indica-
tors, vehicles, and financial factors. It was concluded that a multi-layered approach and
combination of different techniques might be required to detect fraudulent cases. Duwadi
and Ghimiri [5] also used a real insurance claims dataset, preprocessed using oversampling
(SMOTE) and undersampling to address class imbalance. In addition, multiple-based
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classifiers were applied with hyperparameter tuning. As a result, a robust machine learning
framework was demonstrated to enhance insurance fraud detection, minimize financial
loss, and improve prevention strategies. Bodaghi and Teimourpour [6] proposed a network-
based approach to identify organized fraud groups in insurance claims. In this study, a
collision network was constructed using real-life insurance data in Iran. Cycle detection
algorithms were used to reveal recurring patterns of suspicious claims. In addition, a social
network analysis was carried out to emphasize structural fraud patterns over individual
anomalies to improve fraud prevention strategies. In total, it can be said that, based on the
literature, there are several challenging issues and also potential methodologies in detecting
and preventing insurance fraud. However, general solutions are not present yet.

Modern methods, like fuzzy logic and soft computing, are widely used in safety
studies. Pinto et al. [7] proposed the application of fuzzy severity functions to objectively
evaluate occupational accident severity in the construction industry. Multiple severity
predictors helped to analyze consequences. It was demonstrated that fuzzy set theory
provided a practical and adaptable possibility to improve the accuracy of decision-making.
Ali et al. [8] applied a hybrid modeling approach: decision tree analysis was combined with
a panel mixed logit model to analyze stop/go decisions in a driving simulator. The aim of
the study was to justify the need for personalized driving assistance systems to improve
safety. Regarding the insurance market, Shapiro [9] said that fuzzy logic can be promising
in all areas of the insurance market: it was demonstrated that the application of fuzzy
systems is not limited to fraud detection; it can also provide a useful tool in understanding
insurance decision-making. Furthermore, Kalra et al. [10] proposed the use of fuzzy expert
systems in predicting and detecting fraud in healthcare insurance. By assigning fraud
detection scores, the faster and more effective identification of fraudulent claims is enabled.

This study focuses on the vehicle insurance market. The vehicle-related risk is analyzed
and modeled in detail. For that purpose, real-life insurance data were used from Hungary
with the following limitations: only those reported claims were taken into consideration
where two passenger cars were involved in the incidents, and these were owned by
natural persons, and only property damage occurred. A Mamdani-type inference system
was introduced, using three independent input parameters describing the vehicle of the
policyholder: the value (in EUR) and the age of the vehicle (in years) and the payment period
of the insurance contract. The last two parameters were introduced as qualitative factors.
These were linked to the vehicular risk, in %, resulting from the characteristics of the vehicles
involved in the incident. The results can be used to highlight suspicious insurance claims
at a very early stage and might help insurance companies to detect fraudulent cases.

2. Materials and Methods
In Hungary, a compulsory liability insurance is needed to drive a vehicle on the roads.

It is intended to help owners to compensate the at-fault party for any damage caused in
an accident. However, some believe that compensation payments are also an alternative
means of generating income.

Previous studies have revealed that the detection of insurance fraud in the vehi-
cle insurance market causes significant economic damage and some further problems
for policyholders, insurance companies, and society as well. As a result, investigating
fraudulent cases is important, where several problems appear: a lack of information, incor-
rect datasets, etc. [3] The theoretical application of fuzzy rule-based systems was already
determined [11]. So, in this case, the extension was aimed at helping with realistic data.
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2.1. Dataset Applied

For the investigations, real-life insurance data were used over the past ten years. Since
the claims varied over a very wide range of features, several limitations were introduced at
the beginning. Insurance claims were selected with the following criteria:

• Double-vehicle-related incidents where two passenger cars were involved,
• Natural people owned the vehicles,
• No personal injury was reported.

This concept made it possible to analyze the features of the policyholder and the third
party as well. In addition, company cars with additional issues were eliminated from
the set. In total, around 4000 cases were investigated. The parameters of the people and
vehicles were available, as well as the decision of the insurance company on whether it was
fraud or not.

2.2. Methods

Fuzzy set theory was introduced by Zadeh [12], aiming to handle imprecision, un-
certainty, and a lack of information. This concept fits into the circumstances that are to be
faced when analyzing insurance claims [9–11].

The Mamdani-type fuzzy inference system [13] is a useful tool when the goal is to
model human decision-making. The basic structure contains four blocks: (1) fuzzification
is important in the definition of the membership functions; (2) the rule base contains the
available information sourced from previous knowledge; (3) the inference engine combines
the activated rules and determines the firing strength; and (4) the defuzzification module
helps to transform the output fuzzy set into a crisp value [14].

2.3. Adaptation

This study focuses on vehicle-related risk, so simple parameters were taken into
consideration which are easy to determine and do not raise any GDPR issues. For that
purpose, a Mamdani-type triple-input–single-output fuzzy inference system was created to
estimate the vehicular risk from the perspective of the policyholder.

Two quantitative independent input variables were defined: the value (in EUR) and
the age of the vehicle (in years). The value varied at five levels: very low, low, medium,
medium expensive, and expensive; the age was at four levels: new, young, medium old,
and old. The payment period of the insurance contract was added as a qualitative feature:
on the Hungarian market, policyholders can choose from quarterly, semi-annual, or annual
payment periods.

On the output side, the vehicular risk was introduced with the help of the database: for
each possible combination, the relative incidence rate of fraud occurrence was calculated in
%. The linguistic expressions of the levels were as follows: negligible, low, medium, hypo-
thetical, reasonable, and suspicious. This parameter was expected to provide information
on how often a given case is concluded as fraud.

The partitions of the variables are shown in Figure 1a–c for the independent input
variables and Figure 1d for the single output.

In Figure 1, two types of membership functions were used: trapezoid-shaped for the
value, the age, and the vehicular risk (Figure 1a,b,d), where the transition can provide a better
description for quantitative data, and, for the payment period, the so-called fuzzy singleton
was applied. This specific membership function works like the characteristic function in
crisp set theory: at the one peak, truthness appears only at a single value. This function
can be used to describe qualitative data, where transitions cannot be defined between
different levels.
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Figure 1. Partition of the input and output variables: (a) value of the vehicle, EUR; (b) age of the
vehicle, years; (c) payment period, qualitative parameter; (d) vehicular risk, %.

The ranges of the quantitative independent input and the output variables are shown
in Table 1.

Table 1. Ranges of the quantitative parameters used in the model.

Value Range in EUR Age Range in Years Veh. Risk Range in %

Very low 0–1000 New 0–3 Negligible 0–1.5

Low 900–3000 Young 2–8 Low 1–3

Medium 2700–7000 Medium old 7–15 Medium 2–5

Med. exp. 6300–10,000 Old 14– Hypothetical 4–8

Expensive 9000– Reasonable 7–11
Suspicious 10–

The rule base contained all the possible combinations of the independent variables. In
total, 60 rules were defined to introduce previous expert knowledge into the system.

Finally, the Largest of Maxima method was used in defuzzification to highlight all the
potential fraudulent claims.



Eng. Proc. 2025, 113, 37 5 of 7

3. Results
As a result, vehicular risk, in %, was calculated based on the available data. Figure 2

shows the response surface for the relative incident rate of fraud occurrence. Since the
payment period is a qualitative parameter varied at three levels (quarterly, semi-annual, and
annual), for a better graphical representation, these cases are shown separately.

 
(a) 

 

(b) 

 

(c) 

Figure 2. Output surface for the vehicular risk in %: (a) for quarterly; (b) for semi-annual; (c) for
annual payment period.

Based on Figure 2, it can be said that the trends in a classic sense cannot be revealed,
since the parameters have a combined effect. However, critical areas can be found. Figure 2a
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shows the vehicular risk for the quarterly, Figure 2b for the semi-annual, and Figure 2c for
the annual payment period. The higher risk is marked with yellow, and the lower with blue.
It can be said that the most fraudulent area is in the case of quarterly payments. In addition,
the highest vehicular risk can also be observed here with 11–12%, compared to semi-annual
with 10–11% and the annual period with 6–7%.

What is more, the highest possible risk is not only connected to the payment period,
but also to the magnitude of high-risk fraud cases. As the level of the payment period is
increased, the amount of high-risk claims is reduced.

Although the introduced model can be useful to estimate the vehicular risk on the
policyholder, as well as person-related risk, the claimant side needs to be analyzed to obtain
more precise information about the claims.

4. Summary
Insurance frauds cause huge economic damage. As a result, the detection and identifi-

cation of fraudulent claims is a key but challenging issue nowadays.
This study focuses on predicting the risk, in %, related to the vehicle of the policyholder.

For that purpose, a Mamdani-type inference system was introduced with three simply
determinable independent input variables: the value (in EUR) and the age of the vehicle (in
years) and the payment period of the insurance contract (defined as a qualitative parameter).
The single output of the system was the vehicular risk to the policyholder, calculated as a
percentage. To implement previous expert knowledge into the systems, a real-life insurance
dataset was used, containing claims from the past ten years.

The conclusions are as follows:

• It can be said that the introduced fuzzy inference system can predict the vehicular risk
from the perspective of the policyholder.

• On the one hand, exact trends and simple relations in terms of the independent
variables cannot be defined. However, risky areas can be determined.

• It was revealed that the increased level of the payment period resulted in reduced
maximal vehicular risk values. In addition, with the enhancement of the payment
period, the magnitude of the high-risk area also decreased.

In total, it can be concluded that the model can help detect vehicle-related risk at an
early stage of the claims process. However, to obtain more detailed information on the risk,
several further parameters have to be investigated: the human factor on the policyholder
side and the claimant side as well.
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