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Abstract

Objective: One of the important challenges of insurance companies is to determine the optimal rate
for property insurance policies such as cars and fire. If the insurance company can detect the
possibility of damage in an insurance policy, it will have effective and better decisions in determining
the insurance rate, the amount of discount allocated to the insurance policy, or the decision
regarding the extension of that insurance policy. Insurance companies and experts in the field of
issuing and claims are looking for new methods to assess the risk of customers and insurance policies
by predicting the occurrence of possible losses in this field. Traditional methods such as general
linear models often fail to identify complex patterns in insurance data. Deep learning, with the
ability to identify nonlinear relationships and complex patterns, can overcome these limitations. In
this paper, a method to improve the performance of deep learning using sequential deep regression
techniques is presented. The proposed approach is a combination of deep learning and sequential
models. Long Short Term Memory (LSTM) networks are used to model time series data.

Methodology: In this article, the data of the last 7 years of the field of fire insurance issuance and
loss of Alborz Insurance Company have been used to examine and predict the loss in this field. In
this article, focusing on data pre-processing and extracting the best features. In order to provide the
best result and after applying different methods of feature extraction, finally, 20 features were
selected from a total of 40 selected features and then trained using deep learning. The proposed
approach uses a combination of deep learning and sequential models using networks (LSTM) to
model time series data.

Findings: In this article, by examining different machine learning methods on the insurance
company's issuance and loss data, it was concluded that the ordinal deep regression model
performs better than the traditional methods. Improved prediction accuracy, higher reliability and
emphasis on the importance of temporal features are key results.

Result: In order to predict the occurrence of damage in fire insurance, the 7-year loss and issuance
information of Alborz Insurance Company was used with confidentiality, and the combined method
of deep learning and sequential models was used, which has more accuracy and results than the
previous methods. It was better.
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Epoch 1/1@8, Loss: @.1317, Test Loss: 8.3351, Test Accuracy: @.84R8
Epoch 2/18, Loss: @.2547, Test Loss: 8.3149, Test Accuracy: @.85R6
Epoch 3/1@8, Loss: @.8754, Test Loss: 8.3874, Test Accuracy: @.8608
Epoch 4/18, Loss: @.8516, Test Loss: 8.3847, Test Accuracy: 8.8592
Epoch 5/18, Loss: @.3088@, Test Loss: 8.3823, Test Accuracy: 8.8576
Epoch 6/18, Loss: @.1383, Test Loss: 8.2998, Test Accuracy: @.8618
Epoch 7/1@8, Loss: @.7462, Test Loss: 8.3803, Test Accuracy: 8.8614
Epoch 8/18, Loss: @.1978, Test Loss: 8.2975, Test Accuracy: 8.8634
Epoch 9/18, Loss: @.3962, Test Loss: 8.2986, Test Accuracy: 8.8627
Epoch 18/1@, Loss: 8.1612, Test Loss: 8.2959, Test Accuracy: @.3681

BB L Grae 80 a1, S ) ) -0 Sirelue

Epoch 1/10, Loss: 0.1105, Test Loss: 0.3201, Test Accuracy: 0.8562
Epoch 2/10, Loss: 0.0902, Test Loss: 0.2999, Test Accuracy: 0.8660
Epoch 3/10, Loss: 0.0754, Test Loss: 0.2850, Test Accuracy: 0.8715
Epoch 4/10, Loss: 0.0650, Test Loss: 0.2802, Test Accuracy: 0.8738
Epoch 5/10, Loss: 0.0575, Test Loss: 0.2750, Test Accuracy: 0.8760

3y Epoch 6,10, Loss: 0.0503, Test Loss: 0.2701, Test Accuracy: 0.8785
Epoch 7/10, Loss: 0.0452, Test Loss: 0.2650, Test Accuracy: 0.8303
Epoch 2/10, Loss: 0.0402, Test Loss: 0.2610, Test Accuracy: 0.83832
Epoch 9/10, Loss: 0.0360, Test Loss: 0.2575, Test Accuracy: 0.8850
Epoch 10/10, Loss: 0.0325, Test Loss: 0.2540, Test Accuracy: 0.8865
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0.68 0.661
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Model with RelU Activation

Meodel with Swish Activation
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