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Abstract

Fraud cases have increased in recent years, especially in important and
sensitive financial and insurance fields. Therefore, to deal with such frauds,
there is a need for different measures than traditional inspection methods.
Agricultural insurance is also not exempted from this threat due to its nature
and wide extent and every year a lot of money is spent on paying fake
damages. This research was presented with the aim of providing a model to
discover unrealistic damage claims in agricultural insurance by using data
mining and machine learning techniques. It was used to build a deep learning
model. The data used was obtained from the Agricultural Insurance Fund
and related to wet and rainfed wheat insurance policies of Khuzestan
province, for which compensation was paid in the 2018-2019 crop year.
After preparing and preprocessing the data, using deep learning to discover
unusual cases, the action and results were evaluated by the experts of the
Agricultural Insurance Fund. After analyzing the results, it was found that
1% of the damages paid were related to unrealistic requests and more care
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should be taken in paying the damages. The accuracy of the model in
detecting unusual cases for wet and dry wheat was 53.53 and 63.37 percent,
respectively. In the review of the results, it was found that 5 categories of
unusual behavior have led to the payment of unrealistic damages, and the
behavior of not providing damage documentation was more frequent than
the others.

1. Introduction

Insurance fraud refers to the immoral act of committing a crime with
the intention of abusing an insurance policy to obtain illegal profit
from an insurance company; In general, insurance is made to protect
the assets and business of individuals or organizations against
financial loss and may occur at any stage of the insurance process by
anyone such as customers or fraudulent agents (Al -Hashedi &
Magalingam, 2021). Insurance fraud not only reduces the profit of the
insurance company and leads to major losses, but also affects the
pricing strategy of the insurance company and its socio-economic
benefits in the long term (Yaram, 2016). Every year, significant sums
of money are defrauded from the insurance industry, but not all of
them are discovered. According to the statistics published by the
Insurance Anti-Fraud Coalition, an amount of about eighty billion
dollars is added to customers' expenses in the United States through
fraud, and they must compensate for the amount of fraud by paying
higher insurance premiums in the following year (Fraud statistics,
2020). In Iran, there is no accurate estimate of the amount of
compensations paid to unreal damage claims or any other fraud, and
one of the goals of this research is to estimate the amount of fraud in
wheat crop insurance using deep learning.

2. Research Question(s)

This research seeks to find answers to these questions: In rainfed and
irrigated wheat crop insurance, what percentage of the paid
compensations are related to unrealistic and fictitious damage claims,
and what is the accuracy of deep learning detection for this purpose?

3. Literature Review

Ghahari et al. (2019) in their study investigated the use of deep
learning in predicting agricultural performance in time and space with
unstable weather conditions. They compared the performance of
machine learning next to weather stations with conventional methods.
Their findings showed that deep learning provides the highest
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prediction accuracy compared to other approaches. It can also be
inferred from this result that the use of deep learning can play a role in
reducing agricultural insurance costs by knowing the exact measures
of crop yield (Newlands et al., 2019). Gomez et al. (2021) presented a
new deep learning method to gain pragmatic insight into the behavior
of an insured individual using the unsupervised effective variable.
Their proposed method can be used in the fields of pension insurance,
investment and other broader areas of the insurance industry. Their
proposed method enables auto encoder and variable auto encoder to be
used in semi-supervised/unsupervised effective variable analysis to
identify cheating agents (Gomes et al., 2021). Xia et al. (2022) in their
study proposed a deep learning model to detect car insurance fraud by
combining convolutional neural network, long-term and short-term
memory, and deep neural network. In their proposed method, more
abstract features were extracted and helped the experts in the complex
process of feature extraction which is very critical in traditional
machine learning algorithms. The results of the experiments showed
that their method can effectively improve the accuracy of car
insurance fraud detection.

4. Methodology

The current research method is practical from the point of view of the
objective and is data-oriented from the point of view of its nature. For
machine learning modeling, the standard CRISP process has been
used, which includes the stages of data collection, data preparation
and preprocessing, modeling and model evaluation, and obtaining
results. Figure 1 shows the general process of anomaly detection and
analysis.
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Figure 1. Anomaly detection process framework
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In this research, the data related to one agricultural year of wet and dry
wheat crop were obtained from the Agricultural Insurance Fund. The
national code of the insurers has been removed from the data set to
maintain confidentiality. The extracted data is related to the crop
insurance policies of wet and rainfed wheat for the crop year 2018-
2019 of Khuzestan province. In this crop year, compensation has been
paid for these insurance policies according to the claim of the damage
they had, in other words, the data set includes those insurance policies
of wet and dry wheat whose product is damage Seen and compensated
for them. The data were obtained from the comprehensive system of
the insurance fund in the form of a csv report. The obtained data set
had 23 features.

5. Conclusion

The results of the research show that in wheat insurance, about 1% of
the compensations paid are allocated to unrealistic claims, so they
need to be further investigated by experts before payment. This
amount of compensations paid to unrealistic claims was close to the
prediction of insurance fund inspection experts who stated that about
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1.5% of claims are unrealistic. Also, according to the results, 5
categories of behavior or methods were identified in the beneficiaries
to receive compensation for unrealistic claims, which are mentioned
below:

1. Lack of sufficient documentation to prove the damage: This
means that the necessary documents that should be uploaded in the
system according to the implementation methods are not available or
some of them have not been uploaded. Payment of compensation
without the existence of documents indicating the occurrence of
damage can be caused by the negligence or collusion of the appraiser
or broker with the insured.

2. The documents are not in accordance with the declared
damage: the documents uploaded in the system according to the
relevant instructions do not show the occurrence of the type of
registered damage. For example, the speed of storm damage is
mentioned as 50 km/h, but in meteorological documents it is 15 km/h.

3. The damage documentation is not true: for example, in some
documents, the risk factor is mentioned in the expert form of drought,
but the picture sent shows flood damage. In this case, it is probably
due to negligence. In another possibility, it is also possible to send the
image of damaged agricultural land instead of healthy agricultural
land.

4. Non-observance of the damage notification period: According to
the executive instructions of the insurance fund, the time limit for the
declaration of damage until the time of payment of compensation is
one month. Outside of that, it is against the instructions. Sometimes it
was observed that the damage had been declared before the accident.

5. The date of damage does not match with the time of its
announcement: according to the executive instructions of the
insurance fund, in the case of damage to agriculture, the visit must be
done one week after the occurrence of the damage; before removing
the damage, the type and amount of the damage should be carefully
checked. In some cases, it was observed that the announcement date
was recorded one month after the damage occurred. It is clear that
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after removing the effects of damage, the payment of compensation
can seem suspicious because there may not have been any damage in
the past.

Keywords: Anomaly Detection, Crop Insurance, Deep Learning, Auto
Encoder.
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