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Abstract

Global competition, dynamic markets, and rapidly shrinking
innovation and technology cycles, all have imposed significant
challenges on the financial, banking, and insurance Industries and the
need to data analysis for improving decision-making processes in these
organizations has become increasingly important. In this regard, the data
stored in the databases of these organizations are considered as valuable
sources of information and knowledge needed for organizational
decisions. In the present research, the researchers focus on the common
customers of the bank and insurance industry. The purpose is to provide a
methodology to predict the performance of new customers based on the
behavior of previous customers. To this end, a hybrid model based on
support vector machine and genetic algorithm is used. The support vector
machine is responsible for modeling the relationship between customer
performance and their identity information and the genetic algorithm is
responsible for tuning and optimizing the parameters of the support
vector machine. The results obtained from customer classification using
the proposed model in this research led to customer classification with a
high accuracy of 99%.
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1. Introduction

In this research, the researchers aim to present an efficient model
based on support vector machine and genetic algorithm for classifying
and predicting the performance of new common customers of banking
and insurance industry. The purpose of this research is to enable
investment holdings that are common

shareholders of banks and insurance companies to achieve the highest
level of customization in decision making for customers and adopt
diverse and efficient decisions in accordance with their customers'
characteristics and strengthen interactions with customers, better meet
customer needs and improve customer satisfaction and loyalty.
Accordingly, these holdings can achieve significant results in each of the
above-mentioned areas by strengthening databases, communication links
of information companies and increasing accuracy in entering and
registering initial information and relying on machine learning methods.
2. Literature Review

Among the studies that have been conducted in recent years in the
field of banking industry customer classification, the study of Jamshidi
et.al. (2019) is included. They presented a multi-objective approach
based on adaptive neuro-diffusion inference system for detecting bank
money laundering and currency exchange. Magomedov et al. (2018),
Dorofeev et al. (2018) and Plaksiy et al. (2018) have used machine
learning methods based on artificial intelligence to design and monitor
anti-money laundering systems. Leite et al. (2019) and Tiwari et al.
(2020) have compiled a rich collection of researches based on machine
learning and artificial intelligence to deal with money laundering and
other banking crimes in their review papers.
3. Methodology

In this study, the researchers aim to model the classification of
common customers of banking and insurance industry using a hybrid
method based on support vector machine network and optimization using
genetic algorithm. For this purpose, first the independent and dependent
variables are determined. In this regard, the identity information of
customers is defined as the independent variables and the class that each
customer is placed in as the dependent variable. In the next step, the
customer set is divided into two groups of training and testing data. The
data is randomly divided into two groups of training and testing, such
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that 90 percent of the data is used in the training phase and the rest in the
testing phase.
4. Result

The criteria of accuracy, recall and precision are used to evaluate the
methods of predicting the class of common insurance and bank
customers in this research. The most important criterion for determining
the efficiency of classification techniques is the Accuracy criterion. This
measure calculates the overall accuracy of a classifier. It indicates the
fact that the designed classifier has correctly classified what percentage
of the entire set of test records. The results obtained in this research show
that the support vector machine set by the genetic algorithm for customer
classification has correctly recognized 99.98% of the test data.
Considering the desired amount of the three criteria of accuracy, recall
and precision of this combined method, it is found that this method is
able to efficiently classify common bank and insurance customers.
5. Discussion

In this research, the researchers implemented a support vector
machine for classifying common customers of banking and insurance and
examined the obtained results. After going through the training process
and obtaining the optimal parameters of the support vector machines
using the genetic algorithm, the performance of this method was
evaluated in the testing phase with 6060 customers whose information
was not given to the support vector machines in the training phase. The
comparison of the output of the support vector machine network with the
actual class of customers indicates the appropriate fit of the outputs
obtained from the support vector machine network with the real data.
Based on the results obtained, the classification error of the proposed
model is 0.0003. These results mean that the accuracy of the performance
of the support vector machine is about 99.97 percent, which can be
considered as an acceptable accuracy. Nowadays, in most organizations,
data is rapidly being collected and stored. However, it can be argued that
despite the existence of a large volume of data, organizations generally
face a lack of knowledge in decision-making. Although using various
conventional reporting tools, information can be provided to users so that
they can draw conclusions about the data and the logical relationships
between them, when a huge volume of data is involved, even experienced
and professional users cannot detect useful patterns in the abundance of
data. Nowadays, machine learning techniques have been considered to
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meet the needs of various organizations and companies in discovering
knowledge from a large volume of data. Data mining is the process of
extracting information and knowledge and discovering hidden patterns
from a very large database. Telecommunication companies, banks,
insurance companies, advertising companies and all companies that have
large databases can use data mining to improve their decision-making
processes. Data mining causes organizations to reach higher levels of
knowledge and unknown patterns from the data level. The extracted
patterns can be a relationship between the features and characteristics of
the system such as the type of demand and the type of customer, future
predictions based on the system characteristics, rules (if-then) between
the system variables, classifications and clustering of objects and records
similar to each other in a system, and the like.
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Figure 2: Hyperplane with maximum separator boundary by considering
separator boundaries for classification
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Figure 3: Overview of the evolutionary process in the genetic algorithm after
reproduction, crossover and mutation
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Table 1: Identity information of bank and insurance common customers
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Table 4: Accuracy and error of customer cluster prediction by support vector
machine in test phase data
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Table 5: Accuracy, Recall and Precision values of hybrid method of genetic
algorithm and support vector machine
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