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ABSTRACT

Artificial intelligence or big data technologies can benefit finance companies such as those in the insurance
sector. With artificial intelligence, companies can develop better customer segmentation methods and eventually
improve the quality of customer relationship management. However, the application of Al-based customer seg-
mentation in the insurance industry seems to have been unsuccessful. Findings from our interviews with sales
agents and customer service managers indicate that current customer segmentation in the Korean insurance
company relies upon individual agents’ heuristic decisions rather than a generalizable data-based method. We
propose guidelines for Al-based customer segmentation for the insurance industry, based on the CRISP-DM
standard data mining project framework. Our proposed guideline provides new insights for studies on Al-based
technology implementation and has practical implications for companies that deploy algorithm-based customer
relationship management systems.
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I . Introduction

The finance industry is well known for its reliance
on digital technology for efficient operation, new
product development, and customer management.
By digitalizing most of its operations, big data can
be acquired more effortlessly than ever, allowing com-
panies to apply artificial intelligence technology to
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increase competitiveness. Al provides businesses with
unprecedented opportunities in the insurance sector.
According to a review study by Boodhun (2017), three
different data analytical approaches have been con-
ducted in the insurance industry: Fraud Detection,
Risk Prediction, and Customer Analytics. Customer
analytics aims to predict what customers want from

the insurance company by studying their behavior.
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Since Customer Relationship Management (CRM)
is crucial in the insurance industry, it is expected
to be one of the most digitalized and active in using
state-of-the-art Artificial Intelligence (AI) technology.
However, simply applying Al technology to business
does not always guarantee success. According to
Deloitte’s (2018) report, insurance companies face
various challenges in the middle of data analytics
solutions. These challenges include a gap between
data expertise and business sense, the undefined value
of the data project, and unclear maintenance. For
driving successful data analytics solutions or Al-based
projects, it is necessary to investigate the current sit-
uation and develop a solid process guideline. By con-
ducting interviews with customer service manag-
ers/sales agents working on the front lines of Korea’s
insurance field, we have found that insurance compa-
nies depend upon individual agent’s heuristic-based
customer segmentation standards rather than seg-
mentation driven by the legacy data-based approach.

The success or failure of a data mining project
often depends on the engaged person. Even if the
project’s goals are achieved, successful practices are
rarely replicated or shared across the company. A
standard approach specialized in these tasks will assist
with problem description, data transformation, and
model evaluation (Wirth and Hipp, 2000). Therefore,
we propose an application guideline for Al-based cus-
tomer segmentation in the insurance sector. The pri-
mary objective of our study is to inform IS researchers
and practitioners on how to carry out Al-based cus-
tomer segmentation in the insurance industry. We
develop guidelines for preparing, conducting, and
evaluating Al-based customer segmentation.

The remainder of this paper is organized as follows.
Chapter 2 consists of a literature review of research
related to the use of a large set of CRM data in
different finance domains and theoretical factors that

may affect customers’ financial decisions. In Chapter
3, we present the results of interviews on the ways
in which Korean insurance companies manage and
classify their customers. In Chapter 4, concepts and
examples about customer segmentation models and
application practice are proposed. Finally, in Chapter
5, we suggest directions for future research and con-

clude by discussing the implications of our results.

IT. Related Work

This section reviews the literature on customer

segmentation and financial decision-making.

2.1. Customer Segmentation

Customer segmentation has been studied ex-
tensively in customer relationship management in
the finance industry. One example is Namvar et al.
(2010) structured framework. Their model was devel-
oped to apply Recency, Frequency, and Monetary
(RFM) and customers’ Lifetime Value (LTV) into
customer segmentation models. Their work utilizes
demographic data from the banking industry.
K-Means clustering technique and a self-organizing
map method are applied.

Khajvand and Tarokh (2011) proposed a customer
segmentation framework based on a banking service
customer’s LTV. Prior studies of customer segments
were based upon customers’ requirements or prefer-
ences; however, different approaches utilizing cus-
tomers’ lifetime value resulted in more efficient
factors. The framework segments the customers and
calculates each segment’s lifetime value, estimating
each element’s future value based upon customer
transaction data. K-means and two-step clustering

algorithms were implemented for the model. The
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REM model was utilized to calculate the customer’s
lifetime value. They also used a time series method
to predict the future value for each customer segment.

Baradaran et al. (2011) conducted bank customer
segmentation based on customer behavior. Their goal
was to provide retention strategies and attract new
customers. They utilized customers’ demographic in-
formation, transaction records, and bank card
information. K-means clustering techniques were
used to segment customers.

Goonetilleke and Caldera (2013) used insurance
company-driven CRM data to analyze the customer
and avoid churn. The authors used an extended
amount of demographic data such as term of policy,
sum assured, premium, and agent. Decision tree, neu-
ral network, and logistic regression were used for
segmentation. Models generated were evaluated using
receiver operating characteristic curves and area under
the curve values.

Qadadeh and Abdallah (2018) utilized K-Means
and Self-Organized Map (SOM) method with The
Insurance Company (TIC) dataset. Their results
showed that SOM had outperformed K-Means in
speed, quality, clustering, and visualization. The au-
thors argue that customer segmentation based upon
demographic or behavioral data will lead to more
effective marketing strategies and campaigns.

Zhuang et al. (2018) argued that decision-making
based on customer segmentation results in the auto
insurance field has been failing. They indicate that
utilizing a single algorithm for segmentation leads
to lacked validation. To resolve this issue, the authors
propose customer segmentation results based upon
mixed-type data clustering algorithms (k-prototypes,
improved k-prototypes, and similarity-based agglom-
erative clustering) that complement each other.

Mihova and Pavlov (2018) utilized data set of bor-
rowers from a commercial bank to conduct customer

segmentation. The study applied three features (loan
amount, business relationship length with the bank,
number of missed payments in recent 12 months,
and utilized the k-means algorithm for analysis (initial
variable, standardized variable, and two-step cluster-
ing applied).

Bansal and Shukla (2020) presented a workflow
for analyzing online insurance businesses. The authors
emphasize the importance of conducting customer
segmentation and propose a flow of customer segmen-
tation based on the k-means algorithm.

Nandapala et al. (2020) proposed a new micro-seg-
mentation process by applying demographic segmen-
tation based on RFM analysis. The authors argue
that their new customer segmentation method pro-
vides deeper insight into understanding customer be-
havior in the insurance industry.

Guo et al. (2021) presented the customer segmenta-
tion concept based upon customer loyalty and con-
tribution to the company instead of prevalent prod-
uct-oriented segmentation. The authors present a
model concept based on the k-means algorithm.

Abdul-Rahman et al. (2021) conducted customer
segmentation with K-Modes Clustering and Decision
Tree Classifier method utilizing customer data from
a Malaysian insurance company.

Khamesian et al. (2021) utilized data set of Iranian
insurance company customers to conduct customer
segmentation. The authors applied five features (age,
gender, third party liability coverage limit, premium
paid for car insurance other than third party liability,
and premium for life insurance) to the k-means algo-
rithm for analysis.

Kumar and Oommen Philip (2022) presented cus-
tomer segmentation results that differ from traditional
studies by analyzing B2B insurance client data. The
traditional RFM analysis considered customers as

individuals. However, the authors included organ-
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izations as the customer in their approach. They con-
duct clustering analysis using the K-Means algorithm.

In the insurance industry, rapid environmental
change is common, and customers expect better serv-
ice, which naturally creates fierce competition among
companies to improve the customer experience.
Applying the Al-based customer segmentation meth-
od can be an ideal solution. However, most prior
studies are limited to the banking sector or examina-
tions limited to customer attrition. Studies regarding
insurance sectors are primarily from the non-business
field, which focuses on model performance and the
algorithm itself. Those results emphasizing clustering
algorithm leads to less consideration in the business
context.

Others approach classifying customers based on
the likelihood of churn. Assessing the reason why cus-
tomers churn may be a necessary business objective.
However, a broad universal customer segmentation
method that understands customers is needed to increase
customer satisfaction and bring in new customers.

Therefore, insurance companies strive to perform
customer segmentation. Their most common criteria
are demographic information such as customer gen-
der, age, occupation, and the composition and size
of their insurance products. However, unlike Al, this
method is outdated.

2.2. Financial Decision

Several theoretical factors, especially the selection
of insurance services may comprise customers’ finan-
cial decisions. Representatively: expected return and
risks, experiential knowledge, informativeness, reli-
ability, and degree of involvement can be considered
significant factors. The following theories and con-
cepts constitute consumer personalities in the in-

surance sector.

2.2.1. Expected Return and Risks

Consumers’ choice of financial investment prod-
ucts is intended to maximize profits and minimize
losses (Zhou and Pham, 2004). Therefore, expected
returns and risks are critical factors in the choice
of insurance products (Markowitz, 1952). Since it
is necessary to select an optimal investment alter-
native that considers both the expected return and
risk of the choice to establish a financial product,
observing how customers perceive and understand
the relationship between expected return and risk
and utilizing it in decision-making is essential (Ha
and Kim, 2011; Huh et al.,, 2010).

Risk refers to uncertainty caused by expected re-
turns from financial products subject to investment.
Because individual investors base their investment
decisions on only partial knowledge, not expertise,
purchasing the financial product is a decision made
under risk (Huh and Yoo, 2012). Ganzach (2000)
defines risk as a key characteristic of alternatives
with uncertain outcomes. Ganzach added that an
individual’s perception of risk is one of the most
important features to consider when assessing an
individual’s choices in financial decision-making, re-
cruitment, and accepting new technologies.

Prior studies related to risk focus on risk aversion
and wealth. According to Campbell (2006), in-
dividuals with more wealth were more risk-averse,
while those with less wealth showed were more
risk-averse. Warner and Cramer (1995) also sug-
gested that risk-seeking tendencies become stronger
as asset levels increase. Bertaut and Starr-McCluer
(2000) reported, based on their empirical results,
that the top 1% of income groups are investing in
high-risk assets. Similar results were found in the
Korean consumer sample (Huh et al, 2010; Joo, 2008).
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2.2.2. Experiential Knowledge

Experiential knowledge and investment experience
can influence current or future investment
(Andersen, 1993). For example, if a customer has
already received benefits from insurance products,
that customer can rely upon other similar products
based upon that experience. Johanson and Vahlne
(1977) also argued that current market decisions de-
pend on previous investment experience knowledge.
Min and Song (2014) found that experience is the
primary variable used in allocating financial assets.
It is also important to note that experience can im-
prove the understanding of the financial product
(Choe and Cho, 2011).

2.2.3. Informativeness

Informativeness is defined as the degree of in-
formation provided by companies in the financial
sector (Joo, 2011). Information asymmetry occurs
in financial transactions, including those that involve
insurance products, and these characteristics can
serve as a significant factor in the customer segment.
Since financial products are the combined result of
both product and service attributes, these factors can
play an important role in investment decision making,
and consequently, consumers’ information search be-
havior when purchasing finance products may differ
from consumers’ information search behavior during
general product purchase (Choi et al, 2016). In addi-
tion, because financial products are intangible, con-
sumers cannot immediately experience their value
because they must judge and determine products
based on given information. This may affect consum-
er characteristics from a long-term perspective.

Financial products such as insurance are complex.

Therefore, customers are expected to have asym-

metric information. Those with an elementary knowl-
edge about finance will achieve information domi-
nance and choose the product they need. However,
if customers lack this knowledge, they will make
investments based on instinct or on limited
information. According to Joo’s (2011) experimental
result, consumers over 50 years old tended to rely
on information from financial companies or sales
associates when deciding whether or not to purchase
financial products. At the same time, they showed
less baseline understanding than younger investors
about the fund investment. Therefore, consumers
in 50s and older may be considered a vulnerable
group in financial product purchases, indicating that
informativeness may be a critical feature of customer
segmentation regarding insurance products. Mishra
and Kumar (2011) claim that more knowledge invest-
ors have, the more likely they are to show more
information search behavior, culminating in in-
creased investment activity. This result may indicate
that prior information is critical in a customer’s finan-
cial activity.

2.2.4. Reliability

Even within the service industry, the financial in-
dustry recognizes the importance of customers, per-
ceives customer service as a core competency of the
industry itself, and recognizes the significant value
of customer satisfaction. In addition, the quality of
service for customer satisfaction dramatically influen-
ces reliability. Service quality should be consistent
even during fierce competition, and when the com-
pany is in a critical situation (Lee, 2012). Reliability
is essential because the public trusts companies with
good reputations (Lyon and Cameron, 2004).
Anderson (1982) provided evidence that the im-
portance of the head office is essential when consum-
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ers decide which finance branch to choose. Therefore,
tangible products and intangible services significantly
influence the reputation of financial companies.
Naturally, consumers’ psychological attributes re-
lated to intangible services in the financial sector
are used in the development of service models (Hur
and Kim, 2001). Several studies have demonstrated
that the reliability of a financial institution, meaning
its image or reputation, affects consumers’ behavior.
Therefore, it can be as a significant variable in custom-

er segmentation.
2.2.5. Degree of Involvement

The market can be classified according to the de-
gree of consumers’ involvement in the purchase
decision. Ha (1996) organized bank customers into
three groups based on transaction amount and desire
for personalized services. The first group is customers
with large amounts of transactions who want highly
personalized services. Members of the second group
have smaller transactions and prefer convenience to
personalization. The last group is somewhere in the
middle; their transactions are moderate in size, and
they seek both personalized services and the con-
venience of using financial institutions.

Bae (2004) examined financial services that seg-
ment consumers and provide different marketing
strategies from a corporate perspective. According
to the study, banks classify their customers with de-
posits, loans, credit card use, automatic transfers,
electronic finance, foreign exchange, and length of
business relationship. The banks provide differ-
entiated services based on customer segmentation,
meaning that more involved customers receive more
benefits.

Hahn et al. (2000) attempted to determine whether
the market can be subdivided by measuring custom-

ers risk attitudes as shown in the purchase of financial
products. They measured individuals’ risk attitudes
in the financial product market, where risk factors are
important, and subdivided the market into two categories:
risk-averse and risk-seeking. Based on the result, each
individual’s choices and degree of involvement in sit-

uations where profits or losses may occur are studied.

[I. Current Practice

To explore the practice of the insurance industry
in Korea, we interviewed ten customer service manag-
ers and sales agents working for several insurance
companies in Korea. The interview process in-
formation is briefly described in the <Table 1>. In
Korea, there is no clear distinction between service
managers and sales agents; they usually perform both
roles simultaneously. In other words, they contact
customers to sell insurance products while assisting
customers who have questions and concerns.

We asked the interviewees to explain their strategy
of customer management. We also asked them how
they segment customers and persuade them to sign
a new insurance contract. The interviews were con-
ducted in Korean and then translated into English.

<Table 1> Interview Process Information

Interview Period | July 23rd, 2020~July 28th 2020

In person or online meetings for
introduction and questioning

Interview Methods

All interviewees reside in South Korea

Three interviewees with career of under

Interviewee 5 years
Information | Two interviewees with career of 5 to
(Anonymous) | 20 years

Five interviewees with career over
20 years
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3.1. Customer Segmentation Practice

Insurance agents manage a designated list of cus-
tomers; each one agent has an average of 40 customers.
All the agents that we interviewed had their own
expertise in the customer segmentation criteria. We
have also asked agents whether they utilize the custom-
er segmentation provided by the insurance company.
Many agents replied that they do not use it, because
it does not align well with their customers, and they
have more trust in their own heuristic methods. Their
standards can be categorized as demographic and
contract-based segmentation.

Many agents use demographic information such
as age, gender, occupation, household, and income
for segmentation. The most popular age segmenta-
tion rule defines young customers as those in their
20s or 30s. Eight out of ten interviewees replied that
most of their customers were older than 40. However,
the number of customers in their 30s has increased
in recent years. Several agents reported that these
younger customers prefer the direct type of insurance
without the intervention of insurance agents. This
allows customers to make their own contracts and
manage insurance services online. Household com-
position is a critical factor in customer relationship
management. According to one manager, ‘It is im-
portant to know whether the customer has a child
and their child’s age. Sometimes, I save a customer’s
phone number under their child’s name.”

Another agent preferred managing customers by
household. By showing concern about customers’
family, agents get to know their customers and earn
their trust. This practice makes it likely to sign addi-
tional insurance contracts for the customer or other
family members.

Customers’ income or financial condition is anoth-

er notable factor mentioned in the interviews. Some

agents pay special attention to their high-value cus-
tomers who retain policy loans or expensive insurance
products with premiums over $400. When consider-
ing customers’ occupations, the agents noted a prefer-
ence for face-to-face communication and an under-

standing of insurance service. One agent noted:

Teachers, researchers and other professionals are difficult
to schedule appointments with. Most of them have a good
knowledge of policy conditions or insurance clauses. Even
though they do not prefer face-to-face communication, once
we have met with them, the chances of selling them new

contracts are high.

Another segmentation method used by insurance
agents is contract-based. In contrast to the demo-
graphic category, the contract-based method focuses
on the insurance plans that the customer already
has. For example, the amount of insurance premium
and the type of insurance product are considered
unique characteristics. According to one agent:

Some customers only keep insurance services with low
insurance premiums. They do recognize the future risk
in their lives; however, they do not want to pay large
amounts for that risk. I avoid recommending expensive

insurance services to those types of customers.

Another agent explained that there are two reasons
to take out an insurance policy, and customers’ prefer-
ence depends on whether they are interested in pro-
tection or in savings. The customer’s insurance re-
tention rate may also be considered. Some customers
have a low retention rate, which means they cancel
the insurance policy soon after taking it out. Some
agents reported that some customers tended to make
and cancel several insurance contracts.
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3.1.1 Summary

- Many agents do not utilize customer segmenta-
tion provided by the insurance company.

- Demographic or contract-based segmentation
method is widely used.

- Younger customers prefer to purchase insurance
directly, without going through an agent

- Knowing the customer’s family composition is
essential.

- Customer’s income is a notable factor.

- Some customers tend to stick with low insurance
premiums despite the risk.

- Customers” preferences depend on whether they

are interested in protection or in savings.

3.2. Customer Persuasion

The purpose of customer relationship manage-
ment is to improve customer service, retain customers,
and increase sales. Many agents insisted on the im-
portance of long-term relationships with customers.
Below are some interviewee comments about these

relationships.

I wait until I have bonded with a new customer. At that

point, the customer signs the contract.

New customers rarely decide to sign insurance contracts
immediately. Sometimes I have to wait two or three years

for their decision.

I build trust with customers by talking with them on
the phone several times before the appointment. It is also
very effective to call them once in a while and ask how

they are doing.

Another manager noted that face-to-face commu-

nication is efficient for customer acquisition while
online communication is better for customer manage-
ment and retention. The manager also emphasized
the importance of acknowledging national holidays
of customers’ anniversaries is essential.

To persuade customers to purchase a new insurance
policy, agents appeal to their reason and to their
emotions. To appeal to their reason, news articles
on recent changes to health insurance and banks’ inter-
est rates can be used to recommend insurance
products. Statistical data presented by the insurance
company is also a great option. To appeal to their
emotions, int can be effective to emphasize risk.

According to one agent:

No one can be sure that they won’t ever find themselves
in a bad situation. After someone has been diagnosed
with a serious illness, it is almost impossible to obtain
an insurance policy. After explaining those risks,

customers decide to take out additional insurance policies.

A customized recommendation can also be

persuasive. According to another agent:

It is important to figure out what a customer needs. If
a customer is in a good financial situation, I emphasize
the inheritance function of insurance products. I
recommend saving types of pf insurances like pension
insurance only to customers who never express concern
about their health.

3.2.1. Summary

- Long-term relationships with customers are
essential.

- Face-to-face communication is useful for cus-
tomer acquisition, but online communication is

useful for customer management and retention
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- Customers can be persuaded by appeals to their
reason or to their emotions.

- Customized recommendations of insurance
products based on the customer’s financial status
are recommended.

3.3. Discussion

The interviews revealed that most agents have their
heuristics in customer segmentation, but the heu-
ristics are based on agent’s personal experiences. This
makes their customer management methods sub-
jective, making it difficult to deliver, share, and trans-
fer to other agents. Another shortcoming is that the
heuristics were derived from a sample of only about
40 customers, making it vulnerable to generalization.

The insurance company provides customer seg-
mentation results based upon non-Al-based legacy
methods. However, artificial intelligence technologies
allow analysis of more extensive customer data fea-
tures to segment customers. By adopting artificial
intelligence technologies, insurance companies can
enhance their customer service, management, and
recommendation to increase revenue. However, it
is challenging for companies lacking information tech-
nologies to construct and operate an artificial in-
telligence structure. In the next section, we describe
a concise conceptual guideline of Al-based customer
segmentation for insurance companies and show pos-

sible practical examples.

IV. Application for Customer
Segmentation

A structured experimental approach can be used
to develop machine learning algorithms for customer

segmentation. This section proposes a customer seg-

mentation guideline based on the Cross Industry
Standard Process for Data Mining (CRISP-DM) frame-
work for the insurance industry. Our guideline focuses
on customer segmentation for customer relationship
management and insurance product recommendations.

4.1. CRISP-DM Model

The CRISP-DM model is a comprehensive process
model for data mining projects (Wirth and Hipp,
2000). It provides an overview of the life cycle of
a data mining project. Built on previous knowledge
discovery methodologies, the model breaks down
the life cycle of a data mining project into six phases:
business understanding, data understanding, data
preparation, modeling, evaluation, and deployment
(<Figure 1>). The sequence of the phases presented
in <Figure 1> is not strict; the arrows only indicate
the most important and frequent dependencies
among the phases. The purpose of each phase is
described below.

(1) Business Understanding: To understand the
project objectives and requirements

(2) Data Understanding: To become familiar with
the data, to identify data quality problems, or
to discover first insights into the data

(3) Data Preparation: All activities to construct the
final dataset

(4) Modeling: To select and apply modeling techni-
ques and to optimize model parameters

(5) Evaluation: To evaluate the model more thor-
oughly and review the model construction steps

(6) Deployment: To gain knowledge from the user,

to organize and present the knowledge
4.2. Our Guideline

Drawing on the CRISP-DM framework, we pro-
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<Figure 1> Phases of the CRISP-DM Process Model

Evaluation

pose a six-step customer segmentation framework
for the insurance industry. This section describes

the framework.
4.2.1. Business Understanding

Business understanding consists of identifying the
problem, the goal of the customer segmentation, and
the characteristics of the insurance industry. It is
necessary to comprehend how the insurance com-
pany communicates with customers, what it knows
about customers, and what customers want. We sug-
gest interviews with customers and sales agents to
arrive at this comprehension.

It is also essential to specify the goal of the segmen-
tation model. The objective can be acquiring new
customers, selling customers additional services, or
persuading customers to change their insurance
policy. For customer acquisition, the segmentation
model should assign customers to well-defined

categories.

4.2.2. Data Understanding

Data for customer segmentation in the insurance
sector contains sensitive information. In many coun-
tries, personal information data is strictly regulated,
so it is not available to the public. One exception
is TIC benchmark dataset (Putten and Someren,
2000). The TIC dataset contains 5,822 customer re-
cords, and each record has 86 attributes. Each record
includes information on product ownership and soci-
odemographic data. However, even sociodemo-
graphic data is based only on ZIP codes.

Insurance companies are limited to using data
from their own customers, not from those of other
companies. This restriction might create selection
bias. If needed, insurance companies can contact
their customers to obtain more detailed information.
However, it is costly, and the newly gathered data
can be imbalanced.

4.2.3. Data Preparation

The format of the data should be decided before
the final dataset is constructed. Two formats are wide
and long. A wide dataset (<Table 2>) has a single
row for each individual. Thus, a wide dataset consists
of many columns, and each individual has the same
amount of data. The long dataset (<Table 3>) has
several rows.

A wide dataset stores data in a horizontally wide
table, and a long dataset stores data in a vertically
long table. A wide format is more efficient if each
observation can be stored in a fixed length. Insurance
customers usually have several insurance plans. For
example, one customer may hold ten insurance poli-
cies while another customer owns only one. Thus,
when storing product ownership of insurance cus-
tomers, a wide format is not efficient. The table should
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<Table 2> An Example of Wide Dataset

Name Birth Sex Income Product_1 Product 2 | Product 3
1 Jay 1987.2.6 Male A P01034 P01334 null
2 Grace 1990.3.10 Female E D11023 null null
3 Lily 1995.6.17 Female D 02234 null null
<Table 3> An Example of Long Dataset

Name Birth Product Code Start Date End Date Premium
1 Jay 1987.2.6 P01034 2022.03.20 2042.03.19 44,000
2 Jay 1987.2.6 P01334 2018.06.01 9999.12.31 95,000
3 Grace 1990.3.10 D11023 2020.12.01 2021.11.31 725,100
4 Lily 1995.6.17 C02234 2014.01.01 2018.12.31 98,560

contain many columns for outlier customers with
several insurance plans; the values are null for most
customers.

In addition, the observation on insurance custom-
ers can be made at different time points. For instance,
customers might have contacted the customer center
several times: last year, three months ago, and last
week. Moreover, the premium of customers’ in-
surance can change over time. Given these time varia-
bles, we recommend constructing the final dataset

in a long format.
4.2.4. Modeling

The objective of the customer segmentation model
is likely to vary. In this paper, three goals of the
model are assumed. The first goal of the model is
designed to sell additional products to existing
customers. This model is similar to the general recom-
mendation model. Thus, we can evaluate this model
with precision, recall, and fl-score.

In addition, the model is intended to persuade
customers to change their insurance policies.

Sometimes insurance companies want to discontinue

unprofitable products. The customer switch model
is like the customer portfolio expansion model, but
different.

Customers tend to prefer a broad range of insurance

the recommendation mechanism is

coverage to duplicate insurance policies. In other
words, the customer portfolio expansion model seeks
new insurance products not covered under their cur-
rent plans. However, the customer switch model seeks
insurance products that are like existing plans but
more profitable to the company.

Finally, the purpose of the model is to acquire
new customers. Usually, the information of pro-
spective customers is limited. Statistically, there are
many missing values in the data. Therefore, while
building the model, its robustness needs to be
considered. The algorithm finds similar existing cus-
tomers and recommends the most suitable insurance
service. Precision, recall, and fl-score are still utilized
to evaluate the model.

Methodologically, both classification and cluster-
ing methods are possible for customer segmentation.
Classification and clustering are popular pattern iden-
tification methods in machine learning. Both meth-

ods estimate similarities among elements and catego-

506 Asia Pacific Journal of Information Systems

Vol. 32 No. 3



Kyeongmin Yum, Byungjoon Yoo, Jaehwan Lee

rize them. The difference is that classification uses
predefined categories, but clustering does not. In
other words, the classification method is a type of
supervised learning, but the clustering method is a
type of unsupervised learning.

To use the dassification approach, categories must
be defined. One possible category is customer lifetime
value, which can be high, medium or low.
Classification algorithms such as logistic regression,
naive bayes, decision tree, or support vector machine
can be applied.

When using the clustering approach, the names
of clusters should be based on the characteristics
of each cluster. For example, when the clustering
was performed with features of {age, income, job,
household, usage of customer service}, the following

labels for clusters are possible.

- 40s, office worker, middle-income family,
teenage children

- Late 40s, highly paid specialized job, little cus-
tomer services experience

- 30s, production worker, practical insurance

Methods like Affinity Propagation, Density-Based
Spatial Clustering of Applications with Noise
(DBSCAN), K-means, or mean shift can be used
with the clustering algorithms. Among clustering al-
gorithms, we present simple and efficient example
of the K-means. The K-means divides N observations
into K clusters by minimizing the within-cluster sum
of squares (Hartigan and Wong, 1979). The K-means
algorithm needs to iterate; thus, it also needs stopping
criteria. The computational difficulty of the K-means
algorithm is NP-hard. Efficient heuristic algorithms
are usually used to make the algorithm converge
quickly to a local optimum. The within-cluster sum
of squares is affected by the size of K itself, as <Figure
2> shows. Thus, finding optimal K is another problem.
<Figure 3> shows the different results of K-means
clustering on different Ks. When there are many varia-
bles for observations (i.e., high dimension), hier-
archical clustering can reduce the number of clusters.
<Figure 4> shows an example of a dendrogram of
hierarchical clustering. A dendrogram shows the hier-
archical relationship between the clusters. Starting
from 60 clusters, they eventually converge into a single

plans cluster. The ideal number of clusters is determined
1e6
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<Figure 2> An Example of Within-cluster Sum of Squares (Different Ks)
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<Figure 4> An Example of the Dendrogram (Hierarchical Clustering)

by the distance (i.e., the difference in height). In the case
of <Figure 4>, the optimal number of clusters is two.

4.2.5. Evaluation

A thorough evaluation of the model and model
construction steps review is required before
deployment. Many studies found that not every in-
formation technology implementation succeeds, and
one of the key implementation issues is resistance
(Lapointe and Rivard, 2005). The evaluation step
is essential to convince end users (i. e., sales agents

and service managers) of the segmentation model.

Resistance can be reduced by conducting a pilot
test. End users should learn how to use the customer
segmentation model and how it works. We can opti-
mize the education phase by starting with a small
number of test participants. Responses from custom-
ers are also helpful to verify the generalizability of
the model. Furthermore, unexpected side effects of
the model are expected to appear before final
deployment.

4.2.6. Deployment

The creation of the model is not the end. After
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<Table 4> Summary of Guidelines for Al-based Customer Segmentation in Insurance Field

Phase

Key Task

Business Understanding

- To interview customers and sales agents
- To specify the goal of the segmentation model

Data Understanding

- To be aware of privacy laws
- To obtain detailed information by direct contact with the customers

Data Preparation

- To decide the storing format of the dataset
(We recommend using a long data format)

- To optimize model parameters with precision, recall, and fl-score

Modelin:
& - To choose clustering or classification by the purpose of the model
Evaluation - To conduct pilot tests to reduce the resistance of end users
- To gain knowledge from sales agents, service managers, and customers
Deployment

- To improve the model with feedback

deploying the model, feedback from the users can
be used to improve the model. In the deployment
step, the knowledge can be gained from sales agents,
service managers, and customers. This knowledge
helps to understand business, process data, building
and evaluate models.

To highlight the differences between our guideline
and the CRISP-DM framework, we summarized the
key aspects of each phase in <Table 4>.

V. Conclusion

In this study, we have provided literature and theo-
retical factors that may affect customers’” financial
decisions. From the interview with insurance agents,
we have found that the current customer segmenta-
tion practice is unreliable and merits further
exploration. In contrast to general expectations, the
Al-based customer segmentation has not been suffi-
ciently investigated and there have been few attempts
to adapt it to the insurance industry. With the legacy
segmentation method, most of the data are not
analyzed. As a result, the result does not match the
real-world customer segments, and agents are turning

away from the provided results. Therefore, we pro-
posed a customer segmentation framework that is
better suited to the insurance field, and that would
improve business performance.

Our study applied the CRISP-DM methodology
in the insurance industry and proposed a framework
and guideline for Al-based customer segmentation.
We interviewed customer service managers and sales
agents to investigate critical issues in customer seg-
mentation methods. Our results from the interviews
and proposed framework will contribute to the suc-
cess of Al-based innovation in insurance companies.
This research will benefit future studies concerning
Al-based data mining projects in insurance
companies.

From a practical perspective, our findings can be
helpful for managers in insurance companies. Berente
et al. (2021) addressed that managers make vital deci-
sions related to Al-based projects. It is the managers
that oversee the development, implementation, and
deployment of the project. Thus, the IS community
needs to understand the process of Al-related
activities. We hope our guidelines assist practitioners
in finishing their Al-related projects successfully.

Several limitations in the current study can be

Vol. 32 No. 3
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addressed in future research. Although we have devel-
oped guidelines based on the grounded model and
genuine interviews with managers, our guidelines
are not demonstrated with real-world data. We have
presented some examples with simulated data but
not with real data. Future studies can utilize actual
data from the insurance company or conduct case
studies. If actual insurance customer data can be
acquired, we will be able to understand more about
insurance customers in terms of their characteristics,
preference, and behavior by finding more detailed

tasks for each phase. Despite limitations, our study

proposes specific guidelines for Al-based customer
segmentation in the insurance industry that would
help the success of the data mining project. Our
work also contributes to understanding the current
practice of customer segmentation in the Korean

insurance industry.
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