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Formulating strategies to maintain policyholders is one of the main challenges for most insurance companies in
Iran. The purpose of this article is to help marketing strategists of insurance companies predict insurees’ churn
and develop insurees retention strategies. Since the cost of maintaining an insurance policyholder is approxi-
mately one-eighth of the cost of attracting new ones, predicting their churn can help insurance companies adopt
proper strategies in advance, which will definitely lead to saving marketing costs and maintaining the insurer’s
portfolio. Accordingly, the main question of this research is how to classify organizational insurees with the help
of the clustering technique. This research is conducted in both qualitative and quantitative phases. In the
qualitative phase, by conducting a semi-structured interview (interview protocol) with 15 experts in the insur-
ance industry, the influential factors on policyholders’ churn are identified. Then, based on the factors identified
in the research literature and comparing them with the interview results, eight main factors are finalized. In the
quantitative phase, in order to cluster the organizational insurees, 120 samples from the Iran Insurance Company
are selected, and k-means is applied for clustering. Organizational insurees are divided into two groups according
to the desired indicators. Using the results of clustering, insurees are divided into four groups, and effective
marketing strategies are developed for each group. According to the results, the variable “health care insurance
price” has the most effective role in separating the clusters at an error level of <0.01, and on the contrary, the
variable “liability insurance amount” has the least important role at an error level of <0.978.

(Prabadevi et al., 2023).
When customer expectations are not met, the opposite can occur, i.e.,

1. Introduction

Customers are one of the most important assets of businesses in many
dynamic and competitive companies (Amin et al., 2018). As existing
customers are an important source of profit in business, the ability to
identify customers who show signs of leaving the company can generate
more profit for companies (Chen, 2016). In the era of increasingly
saturated markets and intensified competition among companies,
customer churn has become a fundamental problem. Searching and
identifying customers who show a high tendency to leave the company
or, in other words, predicting customer churn, is of significant impor-
tance in a customer retention strategy that aims to reduce customer
churn (De Caigny et al., 2018). Customer churn is a marketing term
which occurs when customers switch to other suppliers or buy less.
Managing customer churn is one of the major challenges that organi-
zations face, especially those offering subscription-based services

customer churn. Customer churn is the loss of an existing customer to a
competitor. In this research a competitor is a different brand, which can
result in a churning customer although the customer stays at the same
company. To manage customer churn, the churning customers should be
recognized and then these customers should be induced to stay (Hui-
gevoort, 2015).

Customer churn, or the propensity at which clients cease their
business relationship with a company, poses a big challenge in various
industries not exempting insurance. Losing customers leads to financial
loss because of reduced sales and it further leads to an increasing need
for attracting new customers. As confirmed by related studies, reducing
attrition rate and focusing on existing policyholders are deemed as the
more efficient and cost-effective marketing approach which maximizes
shareholder’s value. Long term customers would be more beneficial and,
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if satisfied, may provide new referrals. Hence, customer churn retention
analyses are designed to predict which customers are about to churn and
facilitate an accurate segmentation of the market which allows organi-
zations to target the customers who are most likely to churn with a
retention campaign. With effective churn management, losses due to
churn are minimized through prediction and profits are maximized by
retaining valuable customers (Bravante and Robielos, 2022). In today’s
competitive environment, customers tend to easily compare and switch
between service providers. Customers who decide to leave are generally
named as churned customers (Liu et al., 2024). Giinther et al. (2014)
defined that the customer has churned “When a customer cancels all his/
her policies, either to switch insurance provider or because the need of
insurance is no longer present”. However, there is a differentiation in the
types of customers’ churns, and not all are suitable for analysis. A
churner can be classified as voluntary when the customer deliberately
decides to switch to another service provider or involuntary (usually not
included for modeling) if circumstances like death or bankruptcy occur.

Due to limited differentiation among service providers in competi-
tive markets in insurance industry, customers can easily compare other
insurance providers’ offers in terms of premiums and coverage just using
the internet. As a result, this transparency leads many customers to
voluntarily switch to other insurance providers and cancel the insurance
product they have on the company. This transparency has a significant
impact on the insurance market’s competitiveness. Given this, especially
now, to enhance competitiveness, companies should focus on reducing
customer churn. Although Reichheld and Sasser, (1990) are the
grounders of the “zero defections” theory, they defend that companies
should not try to eliminate all defections but be prepared to spot cus-
tomers who leave and act accordingly to their findings (Castro, 2022).

According to the statistics of the Central Insurance of Iran, the rate of
churn in 2022 had a 15 % decrease, compared to 2021, in Iran’s in-
surance industry. This led to a drop of 3000 billion Tomans in insurance
premiums. This means that effective marketing and customer mainte-
nance strategies could be opted for if the churn had been predicted in
advance (Central Insurance of Iran, 2022). In recent years, the insurance
industry in Iran has undergone many fluctuations in terms of profit-
ability, portfolio composition, loss rate, penetration rate, retention and
satisfaction of policyholders, and market share as a result of the emer-
gence of numerous companies in the competitive market. Retention of
policyholders has become the main problem for most insurance com-
panies. Since in Iran’s insurance industry, like any other industry, the
cost of searching for new insurees is much more than the cost of main-
taining current ones, it is necessary to analyze the reasons for insurees’
churn in this industry and design models to predict the number of
insurees who will leave the company’s portfolio in the coming years.
There should be models to enable predicting churn in the coming years.
The identification of these factors lets insurance companies prepare
themselves in advance to deal with this problem. Preliminary studies in
Iran’s insurance industry show that policyholders churn for several
reasons; the main reasons are failure to receive claims on time, high
rates of insurance premiums, improper behavior of employees of in-
surance companies, unfair activities of competing insurance companies,
evasion of insurance companies from paying claims, delay on the part of
insurance companies to provide services after the sale of insurance
policies, etc. Consequently, the main problem of Iran’s Insurance In-
dustry is the high rate of policyholders’ churn. Therefore, the main
research questions (RQ) are formulated as follows:

- RQ 1: What are the most important factors influencing the churn of
insurees in Iran’s insurance industry?

- RQ 2: Is it possible to design a model, with the help of statistical and
mathematical techniques, to categorize insurees in Iran’s insurance
industry?

- RQ 3: Is it possible to design a model, with the help of statistical and
mathematical techniques, to predict their churn?
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1.1. Contribution of research

Categorizing and clustering organizational insurees into two groups:
churned or retained, will help insurance companies formulate and
implement more effective marketing strategies for policyholders who
are more likely to churn. Therefore, the clustering of insurees as a
technique can lead to the design of more effective marketing strategies.
The contribution of this work is to design a hybrid neural network and
regression model associated with decision-making techniques to predict
the churn of organizational insurance policyholders. Hence, organiza-
tional insurees are analyzed, and the indicators used in the model are
specific to organizational insurees; namely: the nature of the insured and
the age of the company. Moreover, the combined technique of neural
networks and clustering is used to classify and predict the churn in
institutional insurees.

According to the contribution of research, this study explores the
utilization of a hybrid model for predicting the churn of organizational
insurance policyholders. The remainder of this paper is organized as
follows: Section 2 introduces related work on variables in insurance
policies and CCP. Section 3 presents the research methodology. The
results are discussed in Section 4, and finally, the conclusions are pre-
sented in Section 5.

2. Literature review

Customer churn poses a big challenge for financial institutions,
including in the field of insurance. Hence, retention analyses are
designed to predict time to churn and identify which among the cus-
tomers are most likely to leave the company so that retention campaigns
and strategies may be done to address the issue (Bravante and Robielos,
2022). Customer churn has been increasing in insurance, mainly due to
technological improvements that allow customers to explore other in-
surance providers’ offers. Given this, insurance providers need to
compete among them, not only to get new customers but also to main-
tain their own (Castro, 2022). The first section of the literature review is
assigned to reviewing research that identified and addressed the main
variables of insurance policies.

2.1. Related work on variables of insurance policies

Leiria et al. (2022) identified the main factors that explain the
cancellation of motor insurance policies by individual customers,
considering the influence of intermediaries on their decisions. They
found that aggressive tactics by insurance companies for customer
acquisition may induce the cancellation of insurance policies. More
valuable customers, policies with higher premiums and recent claims, as
well as ancillary intermediaries and agents, are determinants of insur-
ance cancellation. Conversely, the payment of policies by direct debit or
without installments reduces the probability of cancellations (Leiria
et al., 2022).

In this context, another study was conducted by Chen et al. (2022).
They proposed a new model, i.e., combined the Cox model with variable
penalties to model the clients’ churn problems and determine the crucial
factors that affect clients’ decisions based on their personal information
and behavior data, which are provided by a large insurance company in
China. This model proved to be successful in identifying the client
churning and making comparisons among the penalties. The variable
penalties model reveals the most important factor about clients’ churn
problems, which can provide a reliable basis for the product develop-
ment of insurance companies (Chen et al., 2022).

Matthijs Verschuren (2022) believes that insurers are increasingly
adopting more demand-based strategies to incorporate the indirect ef-
fect of premium changes on their policyholders’ willingness to stay.
Matthijs Verschuren (2022) considered a causal inference approach in
his work to account for customers’ price sensitivity and to deduce
optimal, multi-period profit-maximizing premium renewal offers
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(Matthijs Verschuren, 2022). In this context, Soltani Lifshagerd et al.
(2021) conducted research that aimed to find the main factors of churn
in the Iranian insurance industry. From a contribution perspective, they
proved that the eight identified factors (type of insurance, premium,
final result of claims, duration of cooperation, payment method, number
of installments, number of policies, and number of claims) can best
explain the reasons for the churn of policyholders (Soltani Lifshagerd
et al., 2021).

2.2. Related work on customer churn prediction

This section discusses the literature related to customer churn pre-
diction (CCP). Churn prediction is one of the most crucial stages in
customer relationship management (CRM).

The acquisition cost is the price an enterprise pays to gain new cli-
ents. On the other hand, retention costs are the costs of maintaining
existing clients. It is actually difficult to predict which customers will
churn and which customers will be maintained due to human limita-
tions. The acquisition cost is approximately five times that of the
retention cost (Wagh et al., 2024). Therefore, developing a precise and
effective customer churn prediction model is a key factor in customer
retention. In recent years, several studies have been carried out using
static features, especially in sectors with large numbers of customers,
such as telecommunications and insurance (Xing et al., 2022). Bellani
(2019) stated that the generation of churn models, also known as
retention or attrition models, is a growing problem in many industries.
In the insurance industry, these customers cancel their contract or policy
to benefit from better conditions (a lower premium) with another
company. In her research entitled “Predictive Churn Models in Vehicle
Insurance,” The contribution of the work was focusing on vehicle pol-
icies, and the goal of her project was to develop a predictive model to
reduce customer churn from a company. The predictive models
employed were generalized linear models and artificial neural networks;
parameter tuning was also conducted (Bellani, 2019).

To predict customer churn, Bolancé et al. (2016) focused on a real-
life case in the motor insurance sector. The main question of their
work is how to predict churn as the fundamental factor in the prevention
of revenue loss. They proposed four different methods to predict lapsing
from a portfolio of policies. They presented a comparative analysis be-
tween three different performance measures to assess the predictive
power of each model. Their comparison analyzed the outcomes of a
logistic regression, a conditional tree, a neural network, and a support
vector machine. These are all considered basic approaches to data
mining and knowledge discovery. The main contribution of their
research was to show that, depending on the type of analysis and the
research objective, the optimal prediction method may differ (Bolancé
et al., 2016).

One way of predicting customer churn is by employing machine
learning algorithms. In this context, another study was conducted by
Prabadevi et al. (2023) using machine learning algorithms for customer
churn prediction. The main question of their work was how to advise on
the optimum machine-learning strategy for early client churn predic-
tion. They proposed a system involved in the analysis of customer
churning that included four different algorithms: stochastic gradient
booster, random forest model, K-Nearest Neighbors, and logistic
regression model (Prabadevi et al., 2023). Moreover, Wagh et al. (2024)
employed machine learning methods to predict customer churn in the
telecom sector.

Findings from existing studies have indicated that the churn rate is
normally measured for a specific time window. Primarily, organizations
motives should be toward customers’ satisfaction and retaining their
existing customers. In fact, retaining existing customers is equally
important as absorbing new ones. It is noteworthy to say that customer
churn prediction is the most important factor in adopting an industry’s
product or service Prabadevi et al. (2023). Given the importance of
increasing the insurance penetration rate in Iran, which is currently 2.3
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(according to Iran’s central insurance statistics in 2021), and comparing
it with the average insurance penetration rate in the world, which is
about 9, it is significant to look for ways to improve this rate. One of the
alternatives is to identify the factors affecting the churn of insurance
policyholders and design a model to predict it. Further research should
be conducted by including an adaptive learning approach for CCP
analysis in the insurance industry and services. (Amin et al., 2023).
Recently, another study conducted by Liu et al. (2024) applied extreme
gradient-boosting trees to predict profit-driven customer churn. They
used real datasets from service providers in multiple markets and found
that marketing experts can design targeted marketing plans to maintain
customer groups with a higher likelihood of churning. In this context,
Usman-Hamza et al. (2024) conducted an empirical analysis of the
effectiveness of tree-based machine-learning classifiers with different
computational characteristics in the presence of a class imbalance
problem for CCP.

In summary, according to the reviewed literature and studies
compared in Table 1, a few studies have been conducted regarding CCP
in the insurance sector. In addition, there are not studies that benefit and
associate decision-making and regression models with neural networks
to develop strategies to retain organizational insurees in the insurance
industry. Hence, this study attempts to develop a hybrid framework for
developing strategies to maintain insurees especially in the insurance
sector. Table 1 is a summary of relevant studies in terms of the CCP,
methods and data, industry, and contribution to address the gap in
research.

3. Research methodology

The research framework includes all the required steps for this work.
The framework for this study is shown in Fig. 1. The methodology sec-
tion has been divided into two main phases: qualitative and
quantitative.

3.1. Data collection of qualitative phase

This research is divided into two main parts. In the qualitative part,
identification of the main indicators of customer churn by conducting
interviews with insurance industry experts (managers, branch heads,
technical and claims experts, and top representatives) has been made.
The experts need to have experience in the insurance industry, and they
should be aware of the structure of the insurance industry (e.g., man-
agers; top representatives; superior organizational or individual insur-
ees; consultants; top marketers; marketing professors from the insurance
industry). As a result, experts’ qualifications (interviewees) are defined.
To participate in the survey, the experts should have at least 10 years of
experience in the insurance industry. The data obtained from the in-
terviews is collected and documented. Using the coding method, the
indicators with the highest repetition are identified. Table 2 shows the
summary and extraction of the interview indicators.

To examine the indicators more closely and determine the weights of
each of them, in this part of the research, with the help of experts’
opinions, validation of the selected indicators is performed. To perform
paired comparisons and determine the degree of importance or weight
of each indicator, an AHP questionnaire is designed and distributed
among 20 other experts in the insurance industry.

3.1.1. Statistical population and sample in the qualitative phase

The statistical population is all managers of the insurance industry,
heads of branches, deputies, top representatives, top insurers, and all
clients of the insurance industry. According to the report of the Planning
and Development Office of the Central Insurance Planning and Devel-
opment Office of Iran, Iran Insurance Joint Stock Company has about 40
% of the insurance companies’ share of the insurance premiums’ pro-
duction in the market. As a result, it can properly represent the industry,
so that the managers of the insurance industry, heads of branches,



Table 1

Summarizing literature review and gap of research.

Author

Year

Country

Proposed method

Contribution of work

Software/data

Strategies

Industry

Youngjung,
2023

Leiria et al.

Chen et al.

Robert
Matthijs
Verschuren

Carolina

Bellani

Amin et al.
(2019)

Jing et al.
(2018)

Tsai and Yu-
Hsin, 2009

Current
research

2023

2022

2022

2022

2019

2019

2018

2009

2023

Korea

Portugal

China

Netherland

Portugal

Multinational

China

USA

Iran

Machine learning algorithm

Binary logistic regressions

Cox model with variable penalties
(Lasso, SCAD, and MCP)

Extreme Gradient Boosting,
XGBoost, multiple imputation

Logit models, random forests and
artificial neural networks

Presenting a novel CCP model
based on distance factors to
efficiently predict customer churns
and estimate the level of certainty
of the classifier’s decision in each
TCI dataset

Rough set and BP neural network,
Adam algorithm

Hybrid data mining techniques by
neural networks

Neural network and regression and
AHP

Analyze the customer behavior information of
actual water purifier rental company, where

customer churn occurs very frequently, and to
develop and verify the churn prediction model

1. An improved understanding of the concept of
customer loyalty; 2. The identification of the
factors that insurance companies must manage
to reduce product cancellation; 3. The
importance of insurance companies to change
their priorities from the acquisition to the
retention of customers

Identifying the client churning and making
comparisons among the penalties

Employing a demand-based method to account
for their indirect effect on a customer’s
willingness to stay

Giving insights about the churn phenomenon
and quantifies the churn risk for the considered
policies

Two main contributions to the existing
literature: (i) introduced a novel approach for
CCP in TCI based on distance factor, and (ii)
revealed the effects of the distance factor in
different distance zones (upper and lower
zones) to estimate the expected certainty of the
classifier decision.

The method proposed in this work is more
robust and stable in dealing with a large number
of dynamic data streams

ANN + ANN hybrid model significantly
performs better than the SOM + ANN hybrid
model and ANN baseline model.

A hybrid qualitative and quantitative model for
strategizing and retaining organizational insurers.

Constructing a LABEL

table, an analysis data
mart, AWS, GCP-based
customer data analysis
platform, EDA

IBM SPSS software

Dataset from insurance
company in China

Automobile insurance
portfolio from a large

Dutch insurer

Client and conductor data

MATLAB

VPRS-Adam-BP processing
fluctuating data flow

Model evaluation by fuzzy
testing data (FTD)

MATLAB SPSS

This study identified and calculated the
influence of key variables on individual
customer churn to enable a businessperson
(rental care customer management staff) to
carry out customer-tailored marketing to
address the cause of the churn

Determining internal and external practices of
insurance companies improve their performance
regarding product cancellation

Identifying clients who are prone to churn and
reducing the maintenance cost of client
management

Presenting a causal inference framework for
measuring customer price sensitivities and
deducing (multi-period) optimal premium
renewal offers

It can give a quantitative measure of the churn
propensity, but it can also provide an
understanding as to why this churn propensity
occurs

Addressing the voluntary customer churns due
to difficulty in predicting this type of customer
churn while it is easier to filter out the
involuntary customer churn by simple queries

BP neural network is applied to customer churn
prediction, and variable precision rough set is
introduced to preprocess the data, which
removes incomplete information and reduces
redundant attributes. Then, a feature extraction
framework of variable precision rough set is
established

Providing better prediction accuracy and lower
Type I errors, which is a better model for churn
prediction

Strategies to retain organizational insurers

Water purifier rental
company

Motor insurance
industry

Vehicle insurance

Automobile
Insurance

Vehicle Insurance

Telecommunication

Logistics industry

American telecom
companies

Insurance industry
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Literature review and identifying indicators (section 2)

<

Qualitative phase (section 3.1)

Quantitative phase (section 3.2)

Statistical techniques

Neural network

.

Quantitative analysis and results (Section 4), discussion and research
implications (section 5)

Fig. 1. Research framework.

technical and claims assistants, top representatives, and top insurers of
Iran Insurance Company are interviewed. According to the population of
respondents, samples are chosen by stratified sampling techniques and
then judgmental sampling methods.

3.2. Data collection of quantitative phase

In this section, a hybrid model is designed using statistical techniques
so that it can be used to predict insurees’ churn while also classifying
them. Several machine learning algorithms are commonly used to pre-
dict churn in different environments. The most widely used ones are
logistic regression, decision tree, support vector machine and neural
networks (Milosevic et al., 2017).

Several studies have proven that machine learning (ML) and artificial
intelligence (AI)-driven analytics can extract data from customer rela-
tionship management (CRM) systems for the purpose of CCP and iden-
tify the root cause of churn. ML can help managers make informed and
targeted decisions to retain customer churns (Amin et al., 2023). Some
of the studies built churn prediction models based on the dynamic
feature (Xing et al., 2022).

A neural network is a type of machine learning based on the model of
the human nervous system using a series of mathematical and physical
processes. Neural networks can be designed to perform tasks such as
decision-making. Since being introduced in the 1950s, they’ve been
used by IT professionals in a myriad of fields with great success. The
most obvious applications of this technology are seen in classifiers and
pattern recognition software. However, neural networks have also been
successfully applied to predicting customer trends, highlighting news-
worthy content, and even pricing models. Neural networks are benefi-
cial for predictive analytics because they can synthesize complex and
abstract relationships in your data, leading to greater predictive accu-
racy than some other methods. Neural networks are also very good at
anticipating future trends and patterns that have not been observed in
the past (Solomon, 2022). The research method in this research is as
follows:

e Selecting 120 companies (insurees)
e Collecting data related to the eight above-mentioned indicators by
checking the documents available at the insurance company.

e Using the neural network technique to analyze the data based on the
following format (Table 2)
o Finally, clustering using K-Means and SPSS software.

The steps for the neural network model are shown in Fig. 2.

The process of grouping a set of data and putting them into classes of
similar samples is called clustering. A cluster is a set of data that is like
other data in the same cluster but different from the examples of other
clusters. In the world of business, clustering helps marketers find distinct
and different groups among their customers or identify customers based
on purchasing patterns. One of the most important clustering techniques
is the K-Means method, which is based on data analysis. This method is
mostly used for big data. In this method, the number of clusters is
assumed to be known, and the Euclidean distance method is used to
determine the distance between two respondents. In this method, the
initial data centers are selected first. Then, each of the repeated obser-
vations of the groups is added to that cluster based on the method of the
closest Euclidean distance to the cluster mean. Also, the optimal number
of clusters is determined. Therefore, the cluster centers change during
each stage of development. This process continues until the average of
the clusters does not change more than a certain value or until we reach
the repetition limit.

3.2.1. Statistical population and sample in the quantitative phase

The statistical population in the quantitative phase is organizational
insurees which is about 1250 companies. 120 samples are selected for
analysis. In this research, data related to 120 insurance companies in
different industries (namely clothing, metal, plastic, wood, etc.) are
collected from documentation and records available in the database of
Iran Insurance Company.

3.2.2. Data analysis method in the quantitative phase
In this phase, a neural network is used to validate the identified in-
dicators, and K-means is used to cluster the policyholders.
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Table 2
Summary of indicators obtained from interviews.
Indicator Ist 2nd 3rd 4th 5th 6th 7th 8th 9th 10th 11th 12th 13th 14th 15th Total
interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee

Insurance v v v v 4 v v v v v v v v 13
premium
amount

Dissatisfaction v v v v 4
level

The number of v v v v v v v v v v 10
insurance
policies

Discount amount v 4 v v v 4 v 7

Number of v v v 3
complaints

History of the v v v 3
policyholder

Availability v v v v 4

Number of v v v v v v v v v 9
installments

Speed of v v v v v v v 7
processing
complaints

Speed of insurance v v v v 4
policy issuance

The way the staff v v v v v v v v v v 10
behaves

Amount of v v 4 v v v v v v v v 11
damages paid

Number of covers v v v 3

Advertisements of 4 v 2
insurers

Competitors’ v v v v v v v v 8
strategy

Geographical v v v 3
location

Nature of the v v v v v 5
policyholder

Extra service v 1

Honesty of the v v v 3
insurer

Keeping the v v v 3
promises/
commitments

Damage v v 4 v 4 v v v 8
declaration
frequency

Bad economic v v v 4 4
conditions

Speed of insurance v v 2
policy delivery

Method of v v v v v v v v 8
receiving
insurance
premiums

Lack of liquidity v v v v 4

(continued on next page)
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Table 2 (continued)
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Indicator Ist 2nd 3rd 4th 5th 6th 7th 8th 9th 10th 11th 12th 13th 14th 15th Total
interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee interviewee

Type of insurance v 4 v v v v v v 8
policy

Insured value v v 2

Tender holding 4 v v 3

Method of v 1
introduction

Number of visits v v 2

Quality of service v v v v v 5

Advertising v v 2
method

History of v v v v v v v v v 9
cooperation/
renewal

The number of v v 2
personnel in the
insurance
company

Number of v v v 3
branches/
representatives

The physical v v 2
aspect of the
workplace

Speed of damage v v v v v 5
handling

Franchise v v 2
percentage

History of the v v 2
insurer

Ethics of the v v v 3
marketer

Risk taking power v 1

The credit of the v v v 3
insurer or

insurance agent
After-sales service
public satisfaction
Image of the brand
Informing method v
Informing time v
Non-transparent v
contracts

AN
)
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3. Choosing the
right geometry
for the neural
network (the
number of
neurons, etc.)

2. Normalization
and de-scaling of
input and output
values

1. Recognition
and diagnosis of

input and output
variables

Technological Forecasting & Social Change 201 (2024) 123217

4. Training the
network with
training data

5. Testing the

neural network

Fig. 2. The steps for the neural network model.

4. Results
4.1. Research results from the qualitative phase

First, the data from the interviews are collected. The interview in-
dicators are shown in Table 2.

To examine the indicators more closely and determine the weights of
each of them, the AHP technique is applied. To apply the AHP technique,
a paired comparison questionnaire is designed. The questionnaire is
given to 20 experts, apart from the 15 people who were interviewed
earlier. These experts all have educational and experiential records
related to the insurance industry. These questionnaires are analyzed
using Expert Choice software, the output of which is according to
Table 3 and Fig. 3.

After applying AHP techniques, all criteria are ranked based on ideal
values, as shown in Fig. 3.

To select the final indicators, the following decision-making rules are
adopted:

A. Examining the factors identified and extracted from the research
literature.

B. Examining and extracting indicators from interviews conducted with
experts.

C. Specifying the number of repetitions of indicators in the research
literature

D. Specifying the number of repetitions of indicators in interviews

E. Determining the number 8 as the basis for selecting the index (at
least 8 repetitions in the literature and interview)

F. Considering the existence of quantitative data regarding the selected
indicators

Table 3

The result of AHP technique.
Indicators Ideals Normals Raw
Tender holding 0.148784 0.37668 0.037668
Number of premium installments 0.408441 0.103406 0.103406
Number of insurance policies 0.524981 0.132911 0.132911
Number of claim announcements 0.201614 0.051043 0.051043
The length of the relationship 0.172228 0.043603 0.043603
History of the insurer 0.042263 0.010700 0.010700
Nature of the policyholder 0.063721 0.016132 0.016132
Insurance premium amount 0.1000000 0.253172 0.253172
The final result of claims 0.750795 0.190081 0.190081
Insurance premiums’ payment method 0.401225 0.101579 0.101579
Type of insurance policy 0.235826 0.059705 0.059705

Indicators ranking using AHP technique

Insurance premium amount
The final result of claims  IEEEEEEE—
Number of insurance policies I
Number of premium installments
Insurance premiums’ payment method
Type of insurance policy I
Number of claim announcements [
The length of the relationship
Tender hodling
|
|
0

Indicators

Nature of the policyholder
History of the insurer

02 04 06 08 1 1.2
Ideals value

Fig. 3. The result of AHP technique.

G. The results of the AHP technique

According to the above decision rules, eight indicators are finalized,
which are:

. Insurance premium amount

. Number of insurance policies

. Number of premium installments

. Number of claim announcements

. The length of the relationship or the number of times the insurance
policy is renewed.

. The final result of claims (amount of claims)

. Insurance premiums’ payment method

8. Type of insurance policy

g b wWwN =

N O

Three types of insurance policies are chosen: fire insurance, liability
insurance, and health insurance. These policies have experienced a large
amount of churn based on the data within 5 years; meanwhile, they
include a significant part of the portfolio of insurance companies. The
database of Iran’s insurance industry reflects a significant rate of churn
among organizational insurees in 2022, particularly in fire insurance,
liability insurance, and health insurance. According to Iran Central In-
surance’s annual report, the number of liability insurance policies
decreased to 4100 in 2022 from 5200 in 2021 in only one year. Fire
insurance policies dropped to 11,543 from 12,750 in the same period.
This happened for health insurance as well. The number of policies
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dropped to 632 from 734 (Central Insurance of Iran, 2022).

4.2. Research results from the quantitative phase

4.2.1. Results from the neural network

The finalized eight indicators are coded with the neural network
technique, and an analytical model resulting from the application of the
neural network is obtained, which shows how the eight factors can best
justify the reason for organizational insurees’ churn. Following the
implementation of the relevant codes, the results are shown in Fig. 4.

The neural network training process is shown in Fig. 5. The number
of repeats (APACs) is set at 12. The optimal state occurred in Apac 9, and
the error in this case is 0.15085. In fact, point 0.15058 is the best case
with the least error (Fig. 6).

The model and the regression value of the predicted neural network
are finally R = 0.74561 in Fig. 5.

R ranges between 0 and 1 (0 <R < 1). The closer it is to 1, it indicates
that the indicators are better able to predict and explain the churn. The
value of regression obtained from the neural network method is R =
0.74561. Since it is >0.5, it means that the model is significantly
acceptable. The resulting analytical model is illustrated in Fig. 7.

The most important factors influencing the churn of insurees in Iran’s
insurance industry could be recognized, and the indicators are (Fig. 8):

1. Number of insurance policies that an insurer buys from the insurance
company.

2. The types of insurance policies purchased (in this study, fire insur-
ance, liability insurance, and health insurance are examined)

3. The amount of insurance premiums (in this study, fire insurance,
liability insurance, and health insurance are examined)

4. The number of claims declared (in this study, fire insurance, liability,
and health insurance are examined)

5. The average number of installments of the insurance policy (in this
study, this number is herewith obtained: the total number of in-
stallments divided by the number of types of insurance policies
purchased)

6. How to pay the premium (in this study, i.e., cash payment or pay-
ment by check)

7. The length of the relationship with the insurer, which refers to the
number of times the insurer has renewed the insurance policy with
the insurer.

8. The result of the claim cases, which means the general satisfaction of
the insurer with the claim of loss and the amount that he receives for
loss,.

These eight factors influencing the churn of corporate insurees are
analyzed as final indicators. The result of the neural network technique
(calculating R = 0.73) indicates that the identified factors can best
explain the reason for the churn of corporate insurees.

4.2.2. Result from K-means method for clustering

The K-means method provides the opportunity to predict customer
churn. The second research question is related to designing a model for
predicting the churn of organizational insurance policyholders. By using
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4\ Neural Network Training (nntraintool) — X
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Algorithms

Data Division: Random (dividerand)
Training: Levenberg-Marquardt (trainim)
Performance: Mean Squared Error (mse)
Calculations: MEX

Progress
Epoch: 0 E 12 iterations 100
Time: 0:00:00
Performance: 0251 [0 0.0621 0.00100
Gradient: 00930 [0 00422 1.00e-07
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Fit (plotfit)
Plot Interval: ' 1 epochs
v Validation stop.
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Fig. 5. The neural network training process.

the K-Means technique, organizational insurees could be divided into
two categories: churned insurees and retained insurees. This model is
based on real data. One of its main and practical features is that if a new
policyholder, apart from the examined samples, is examined in this
model based on the required criteria, the rate of churn for the coming
year can be predicted. This means that we can identify if the policy-
holder will be maintained or churned.

K-means clustering is an extensively used technique for data cluster
analysis. Clustering is one of the data mining methods that partition
large-sized data into subgroups according to their similarities. K-means
clustering algorithm works well in spherical or convex data distribution
of large-sized data sets. Most of the algorithms based on K-means have
generally been interested in an initial cluster centers selection or cluster

Hidden Layer 1

Hidden Layer 2

Output Layer

Fig. 4. Neural network image related to model design in MATLAB software.
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Best Validation Performance is 0.15085 at epoch 9

100 F
Train
Validation fu
Test
Best i
107 b Goal

Mean Squared Error (mse)
=] 5]

10-4 E

15 Epochs

Fig. 6. Performance of artificial neural network in

optimal condition.

perceptron

distribution (Ay et al., 2023).

In this clustering, all 16 features (inputs) are considered for policy-
holders. Table 4 presents the variables used in K-Means.

Table 5 is the table of initial cluster centers and represents the initial
average of each index within each cluster.

Table 6 shows the progress of the clustering in each step. In the initial
iterations, the cluster centers are slightly changed to reach stability
(zero). The clustering method is done via 5 repetitions.
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Convergence achieved due to no or small change in cluster centers.
The maximum absolute coordinate change for any center is 0.000. The
current iteration is 5. The minimum distance between initial centers is
3700.178.

Table 7 specifies in which cluster each company/customer/policy-
holder falls into. For example, customer 1 is in the first cluster and
customer 2 is in the second cluster. The fourth column also specifies the
distance of each customer from the center of the cluster. If this distance
is high, it indicates that the cluster is not a good representative for its
clustering. Among 120 samples, 109 one has valid data.

Table 8 shows the Euclidean distances between the final cluster
centers. According to the displayed number, the distance between two
clusters is large.

Table 9 shows which variable plays the most important role in
clustering (note the F value). According to the displayed numbers, the
variable “health care insurance price” has the most effective role in
separating the clusters at an error level of <0.01, and on the contrary,
the variable “liability insurance amount” has the least important role at
an error level of <0.978 in the separation of clusters.

The F tests should be used only for descriptive purposes because the
clusters have been chosen to maximize the differences among cases in
different clusters. The observed significance levels are not corrected for
this and thus cannot be interpreted as tests of the hypothesis that the
cluster means are equal. Table 10 shows the number of customers in
each cluster; 83 customers are in cluster 1 and 26 customers are in
cluster 2.

Based on the above points and the outputs of the model, the variables
can be illustrated in the order of effect in Table 11. According to the
results, the variable “health care insurance price” has the most effective
role in separating the clusters at an error level of <0.01, and on the
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Table 4

K-means variables.

The result of the
Claims (Fire,
liability, health)

Relationship
length (Extended
times)

Means of

Payment

Number of
insurance policies
purchased

Customer Premium Amount
Churn in the (Fire, liability,
Insurance health)

Industry

Average number
of installments
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Type of insurance

(Fire, liability,
health)

Frequency of
Claims (Fire,
liability, health)

Fig. 8. Analytical research model.

Table 6
The progress of the clustering process at each stage.

No. Variable (inputs) Variable description Iteration history
1 Number of insurance policy The number of insurance policies purchased Iteration Change in cluster centers
2 Bime Atashsouzi Type of insurance (fire) 1 5
3 Bime Masouliat Type of insurance (liability)
4 Bime Khadamat Darmani Type of insurance (health) 1 1191.818 1390.971
5 IPF Fire insurance premium amount 2 97.989 266.814
6 IPM Liability insurance premium amount 3 44.426 108.087
7 IPD Health insurance premium amount 4 9.724 28.659
8 NDF The frequency of fire claims 5 0.000 0.000
9 NDM Frequency of liability claims
10 NDD Frequency of health claims
11 Average of installments Average number of installments
12 Type of payment Payment method for insurance premiums Table 7
13 Number of extend Length of relationship (renewal times) Status of some insurees in each cluster.
14 KhesaratF Final result of fire claims "
15 KhesaratM Final result of liability claims Case number Group name Cluster Distance
16 KhesaratD Final result of health claims 1 Metal industry 1 588.730

2 Wood industry 2 517.927

3 Plastic industry 2 80.135

Table 5
Initial cluster centers. .
Variable description Cluster 109 Petrochemical industry 1 1152.340
1 2

The number of insurance policies purchased 2 1 Table 8
Type of insurance (ffre)' R 1 0 Euclidean distances between final cluster centers.
Type of insurance (liability) 0 0
Type of insurance (health) 1 1 Distance between final cluster centers
Fire insurance premium amount 36 0 Cluster 1 9
Liability insurance premium amount 1200 0
Health insurance premium amount 0 3500 1 1522.304
The frequency of fire claims 0 0 2 1522.304
Frequency of liability claims 0 0
Frequency of health claims 9 11
Average number of installments 8 12 contrary, the variable “liability insurance amount” has the least
Payment method for insurance premiums 1 1 important role at an error level of <0.978.
Length of relationship (renewal times) 1 2 . . .
Final result of fire claims 0.00 0.00 According to the obtained results, the insurance company should
Final result of liability claims 0.00 0.00 adopt a specific strategy for those organizational policyholders who are
Final result of health claims 0.17 1.00 currently maintained but are on the edge and are most likely to churn in

the next year. They probably will not renew their policies for the next
year. Therefore, the insurance company should invite them or pay

11
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Table 9
Comparing the effectiveness of variables, ANOVA.
Variable description Cluster Error F Sig.
Mean square df Mean square df
The number of insurance policies purchased Number of insurance policy 5.304 1 0.526 107 10.089 0.002
Type of insurance (Fire) Bime Atashsouzi 1.141 1 0.153 107 7.434 0.007
Type of insurance (Liability) Bime Masouliat 0.237 1 0.251 107 0.942 0.334
Type of insurance (Health) Bime Khadamat Darmani 8.633 1 0.172 107 50.116 0.000
Fire insurance premium amount IPF 73,322.409 1 24,761.470 107 2.961 0.088
Liability insurance premium amount IPM 21.580 1 27,689.598 107 0.001 0.978
Health insurance premium amount IPD 45,805,850.01 1 152,785.205 107 299.806 0.000
The frequency of fire claims NDF 0.048 1 0.753 107 0.063 0.802
Frequency of liability claims NDM 0.197 1 0.901 107 0.218 0.641
Frequency of health claims NDD 1169.373 1 39.648 107 29.494 0.000
Average number of installments Average of installments 93.871 1 4.631 107 20.270 0.000
Payment method for insurance premiums Type of payment 0.123 1 0.189 107 0.651 0.421
Length of relationship (renewal times) Number of extend 0.888 1 2.634 107 0.337 0.563
Final result of fire claims KhesaratF 0.003 1 0.144 107 0.020 0.888
Final result of liability claims KhesaratM 0.266 1 0.131 107 2.027 0.157
Final result of health claims KhesaratD 2.901 1 0.087 107 33.382 0.000
Because of slight changes in the level of service provided to them, it is
;ablli 10 ; . b clust easy to retain them in the insurer’s portfolio and increase the retention
umber of cases in each cluster. . X .
rate. But if they are unprofitable, then they should be treated with more
Cluster 1 83.000 caution. For example, to act more cautiously in the discounts or in the
Valid 2 132'888 installments of their insurance policies, try to collect the installments in
Missing 0.000 cash and at shorter time intervals.
For the third group, after calculating their profitability level, if they
are profitable, special attention should be paid to them because they
Table 11 have a higher potential to become loyal insurers. They must be treated as

Order of the effectiveness of model variables.

Row Description of variables

1 Health Insurance Premium

2 Type of insurance (Health Insurance)

3 The result of Health Insurance Claims

4 Frequency of claims in Health Insurance

5 Average number of installments

6 Number of insurance policies purchased

7 Type of insurance (fire)

8 Fire Insurance Premium

9 The result of Liability Claim

10 Type of insurance (Liability)

11 Means of Payment

12 Relationship Length (Extended Frequency)
13 Frequently of Claims in Liability Insurance
14 Frequency of Claims in Fire Insurance

15 The result of Fire Insurance Claims

16 Liability Insurance Premium

special attention to them in its customer relationship management
policies. The company can pay their claims within a week, give a special
discount on their fire insurance premiums, or increase the number of
installments of their insurance policies. Since some policyholders are
more likely to churn in the next year, the insurance company is advised
to pay special attention to them. By slightly raising the level of service to
them, the insurance company can easily retain these organizational in-
surers and increase its retention rate. For the first group, it is better to
calculate their profitability over the past few years. If they are profitable,
the CRM is suggested to hold urgent and private meetings with them,
investigate the reasons for churn, and adopt strategies to retain them
(very high discounts, multiple installments, quick payment of their
claim cases, etc.). But if the analysis shows that they are unprofitable
insurers, the insurance company can revise its 4P strategy in such a way
that, for example, it increases insurance premiums, implies more control
over the amount of payment for their claims, or tries to issue an insur-
ance policy for them in cash.

For the second group, after calculating their profitability level, if
they are profitable, then the 4P policies should be slightly revised.

12

VIPs. Special discounts should be given to them, their claim cases should
be handled out of turn, they should determine the terms of payment of
insurance premiums themselves, etc. However, if the insurers are un-
profitable, they should revise the 4P strategies. Since they have the
potential to become loyal insurers while being unprofitable, they need to
order the issuance of other insurance policies with the same insurance
company or introduce the insurance company to other friends and ac-
quaintances. The insurance company should be more careful when
giving premiums to this group and avoid bold discounts. While main-
taining the current level of service, attempts should be made to influence
these insurers and sell them more insurance policies.

For the fourth group, after calculating their profitability level, if they
are profitable, they should be treated as VIPs with maximum attention.
They are very vulnerable and relatively sensitive to competitors’ stra-
tegies and have a high potential to be attracted to rival insurance
companies. Therefore, the level of service to them should be greatly
increased. Discounts should be given to them, their damage cases should
be investigated and paid attention to, and they should be appreciated or
adopt other 4P strategies. But if they are unprofitable, they should be
treated like the third group.

5. Conclusion and implication of research

Identifying and selecting key indicators to predict the churn of
institutional insurees is one of the outstanding challenges facing insur-
ance companies. In this study, to help insurance companies formulate
effective marketing strategies for policyholders’ churn, the key in-
dicators are first identified in the research literature, including 48 items.
Then, to select the most effective indicators, the ones with at least 8
repetitions are chosen. To validate these indicators and determine their
weights, the AHP hierarchical analysis method is used. In the qualitative
part of the research, eight indicators are finalized (answers to the first
research question). In other words, the result of the study in the quali-
tative part proves that the following criteria are the main reasons for
policyholders’ churn in the Iranian insurance industry: number of in-
surance policies purchased, type of insurance, premium amount, fre-
quency of claims, average number of installments, means of payment,
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relationship length, and result of the claims. Afterwards, the neural
network method is applied to validate the indicators. Achieving R =
0.74561 indicates that the obtained indicators can predict 75 % of the
behavior of corporate insurance policyholders. Afterwards, to help in-
surance companies identify which organizational insuree will churn or is
maintained in the company’s portfolio within the coming year, the
clustering approach was employed. The clustering results determined
the number of churned or retained organizational insurees for Iran In-
surance Company. Finally, to identify policyholders who will churn, the
K-means technique is applied. This means that it is possible to design a
model, with the help of statistical and mathematical techniques, to
categorize insurees in Iran’s insurance industry and predict their churn
(answer to the second research question). The output of the model leads
us to adopt proper and practical marketing strategies and customer
relationship management policies. Some of these practical findings are
as follows.

Considering that healthcare insurance policy is the most effective
factor affecting churn among institutional insurers, it is therefore rec-
ommended to collect the claim files at short intervals and proceed to pay
insurance damages within a maximum period of 15 days. Since the
average index of the number of installments of insurance policies shows
that it has the greatest impact on the churn of institutional policy-
holders, it is recommended to consider the number of installments of
insurance policies for at least 10 months to maintain and satisfy the
policyholders. The number or variety of insurance policies that are
purchased by the corporate insurer during a one-year period from the
insurance company also has a great impact on the policyholders’ churn.
Examining other indicators in relation to each of the three insurance
policies (fire insurance, liability insurance, and healthcare) shows that,
especially in relation to liability insurance, the amount of insurance
premium has a very small effect and the amount of fire insurance has a
medium impact. As a result, the variety of purchased insurance policies
can somehow reduce the churn of policyholders. Because dissatisfaction
in the field of medical insurance policies can be somehow compensated
by satisfaction with other insurance policies,.

The way insurance premiums are paid also has a medium effect on
the churn of institutional insurers. Since most insurers refuse to pay by
check, it is suggested that, as far as possible, the insurance premiums be
received in cash at intervals of the specified installment dates and avoid
pressure to receive checks. On the other hand, practical experience
shows that policyholders who voluntarily pay checks are prudent poli-
cyholders and intend to remain in the insurer’s portfolio and continue to
cooperate with the same insurer.

It is recommended to design different marketing strategies according
to the four groups of insurers that have been predicted and identified by
the model. The first group is policyholders who will churn, and the
possibility of their return is very weak. The second group is made up of
policyholders who have turned away, but the probability of their return
is very high. The third group is made up of policyholders who have been
retained and will renew their insurance policies in the coming years. The
fourth group: insurers who have been retained but are likely to leave the
portfolio composition in the next year or have high potential to churn.

Despite this, in the analysis of the loss of institutional insurers in the
insurance industry, it can be stated that since an insurance compa-
ny—the customer—has several insurance policies from insurance

Appendix 1. Interview questions

The interview protocol is consisted of the following open questions:

. In your opinion, when a policyholder churn happens?

A WN -

Technological Forecasting & Social Change 201 (2024) 123217

companies, it is difficult to accurately analyze and diagnose the loss
because it is possible that an insured who has three insurance policies
from insurance companies and does not renew one of his insurances in
the following year cannot accurately acknowledge that the loss has
occurred. In this research, the loss of the policyholder occurs when at
least one policy has not been renewed in the following year. In the in-
surance industry, a policyholder or insuree has several insurance pol-
icies, and it is very difficult to accurately analyze and diagnose the churn
because a policyholder might have three insurance policies and not
renew one of the policies in the following year. This means that churn
cannot be precisely recognized. In this research, the churn occurs when
at least one insurance policy has not been renewed in the following year.

For further research, it is suggested to test the prediction model with
a larger number of samples. Moreover, it would be worthwhile to
investigate the influential factors on the churn of individual insurers and
the prediction models related to it. And finally, it is suggested to model
and describe the influential factors in the churn of organizational in-
surers with the help of other forecasting techniques.
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. Please introduce yourself briefly (name and surname/position/work experience/company etc.).
. In your company/in your opinion, what is the meaning of churn of a policyholder?

. In your opinion, what are the factors that cause a corporate insuree to churn?
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- What are the individual or organizational factors?

- What factors are related to the insurance agent?

- What factors are related to the insurance marketer?
- What factors are related to insurer services?

- What factors are related to the insurance policy?

- What factors are related to the environment?

Technological Forecasting & Social Change 201 (2024) 123217

5. Can you specify the cause-and-effect relationships between some factors?
6. In your opinion, how can these factors be ranked in terms of importance?

Some sample answers:

“The most important factor is honesty, and after that, the way employees treat customers. Then it seems that building trust and speed of handling claims are

Interviewee 4

important. Afterwards, the amount of insurance premium and then insurance compensation are important. The number of issued insurance policies and the duration

of cooperation are the next priorities. Competitors’ strategies, economic conditions, the way and speed of insurance policy delivery, insurance premium payment

methods and terms are next in importance.”

“The amount of insurance compensation and the amount of insurance premium are the first and the second priorities. Then, the number of installments, the length of

Interviewee 7

cooperation, the amount of liquidity, the nature of the policy holder, economic factors, negative advertisements of competitors, the flexibility of competitors, the
number and type of purchased insurance policies can be mentioned.”

“The most important indicators are, respectively, treating customers with respect, the amount of insurance premium, the amount of compensation, the number and

Interviewee type of insurance policies purchased, the method of installments, the satisfaction of the policyholder, the nature of the insurer (whether it is public or private), the
1 duration of cooperation, the history of the insurer, and the number of insurance objections, the frequency of visiting the company and...”
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