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Abstract 

Customer retention is a serious problem in the insurance industry because a customer's churn 

could lead to significant impacts on profit-making and business growth. It examines the possibility 

of utilizing behavioral segmentation as a method for improved retention by identifying dominant 

forces influencing policyholder behavior. This study utilized the data-driven approach by focusing 

on the relationship between claims frequency, payment behavior, risk aversion, and customer 

loyalty with its impact on retention. It depicts the findings that customers demonstrating low 

claims frequency, regularity of payment, and loyalty toward insurance companies tend to stay 

with that particular insurance company. During the discussion, we agreed to have a new approach 

to classify the customers and benefit from the many advantages of the data-driven approach over 

traditional approaches. 
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I.  INTRODUCTION  

In the very competitive insurance industry today, retention of customers has become one of the most 

critical success factors for the long-term sustainability of insurance providers. Because market saturation 

increases, new policyholders have become expensive to acquire, while existing customers are 

increasingly becoming effective to retain. Every customer segmentation policy has its unique 

characteristics and target group. However, some pairs or groups may have highly high similarities in 

insurance clauses or dividend systems in many such policies. Thus, insurance companies must segment 

customers into different groups to determine a suitable policy respectively. However, despite its 

importance, retention of policyholders remains an important challenge for many insurers, especially in 

an environment of increased customer expectations and increasing pressure from insurance competitors. 

[1]  
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A. Many Problems Identifications 

Traditionally, insurance companies have relied on high retention programs that fail to account for the 

unique behaviors and needs of individual policyholders. Such traditional programs often fail to address 

the root causes of customer attrition, thus failing to achieve ideal retention results. For instance, a one-

size-fits-all loyalty program may work for some policyholders but fails to resonate with others whose 

needs or concerns are quite different. Moreover, a significant number of insurers exhibit an inadequate 

grasp of the elements influencing policyholder conduct, which obstructs their capacity to intervene 

proactively before policyholders decide to disengage. Consequently, there exists an imperative demand 

for more sophisticated strategies that take into account the varied requirements of policyholders via 

behavioral segmentation. 

B. Objective 

This study looks to answer how behavioral segmentation and targeted intervention strategies can 

strengthen policyholder retention within the insurance industry. Through a data-driven approach, this 

study can identify specific behavioral characteristics of attrition for policyholders and develop targeted 

strategies that respond to these behaviors. The study classifies the policyholders based on the main 

behavioral characteristics and discusses how different intervention strategies are being applied for each 

type. Its main objective is to give practical recommendations that will assist insurance firms in building 

loyalty among their customers and eventually reducing attrition, so refining their retention programs.     

II. LITERATURE REVIEW 

Traditionally, insurance companies have relied on a two-pronged approach for customer behavior 

analysis: statistical analysis of historical data and customer surveys. Statistical analysis, employing 

mathematical techniques on historical datasets like claims history, demographics, and policy details, 

allows insurers to identify broad trends and patterns within their customer base. This can indicate the 

correlation of variables with age groups and risk profiles, or geographic locations and claim frequency. 

However, such methods suffer from severe disadvantages in today's environment, with data explosion 

and changed customer relationships being some of them. This limitation occurs when these methods 

cannot manage enormous unstructured data. 

A. Machine Learning 

Conversely, unsupervised learning algorithms scan the databases without labels to uncover patterns and 

structure. For example, clustering algorithms may be of use in identifying customer segments as a 

function of behavioral information alone, without any grouping information. Conversely, unsupervised 

learning algorithms search the databases without labels to discover patterns and structure. For instance, 

clustering algorithms can be useful in identifying customer segments as a function of behavioral 

information alone, without any grouping information. [2] 

B. Deep Learning 

Deep learning is a sub-domain of machine learning in which a multi-layered artificial neural network is 

used for learning patterns within the data. It has been successfully applied to almost every application, 

including predictive modelling, natural language processing, picture and speech recognition, and more. 

Deep learning has the potential to extract complex features from large and varied data sets, such as text, 

images, and numerical data, in the context of customer behavior analysis. For example, CNN is useful 

for risk factor assessment in which customer images or video data are analyzed, and an RNN may have a 
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role to play while analyzing the sequential customer behavior pattern over time to estimate possible 

future behavior. 

C. Policyholder Retention in the Insurance Industry 

Policyholder retention simply means the insurance companies' ability to hold the customers for a long 

period, and holding an existing customer is said to be more cost-effective than obtaining new customers. 

The acquiring of new customers incurs huge marketing and operational costs associated with the 

process. According to the McKinsey report on insurance customer loyalty, the cost of an acquisition is 

five to seven times that of retaining one. Moreover, the duration for which a customer keeps the insurer 

increases the more value he or she becomes owing to factors such as cumulative renewals of policies, 

and potential cross-selling offers. 

D. Behavioral Segmentation 

Behavioral segmentation is categorizing customers into different groups that are driven by observable 

behaviors, preferences, or responses to some stimuli. This segmentation technique aids companies in 

better understanding the reasons of customers; their needs, actions, or behavior, thereby helping them 

fashion interventions more precisely. In the case of insurance, risk appetite and claims history come 

under this behavioral segmentation. 

E. Common Behavioral Traits in the Insurance Sector 

Some of the common behavioral traits that may be used for segmentation in the insurance sector include: 

 

Table 1: Common Behavioral Traits 

Behavioral Trait Description Example 

Risk Aversion A policyholder’s reluctance 

to take risks influences 

purchasing decisions. 

Policyholders who avoid 

policies with higher 

premiums or deductibles. 

Claim Frequency The number of claims filed 

by a policyholder over time. 

Policyholders with a high 

number of claims may 

require higher intervention. 

Payment Behavior Timeliness of premium 

payments, which can be 

indicative of engagement. 

Customers who delay 

payments may be more 

likely to churn. 

Customer Loyalty The likelihood of a customer 

renewing or staying with the 

insurer. 

Customers with the same 

insurer, without 

competitive offers. 
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III. METHODOLOGY  

The methodology of this research uses a retrospective analysis design in the analysis of applying ML 

algorithms for the segregation of customers and tailoring marketing in life insurance. A comprehensive 

dataset exists, which is with one large life insurance company based out of North America with an ample 

customer base having requisite detail about individual preferences, their behavior, and how they might 

or might not respond to.  

A. Description of the Data  

All of the customer attributes that are crucial for marketing and segmentation are included in this data.  

• Demographic Information 

Age, gender, marital status, income level, education level and geography. 

• Policy Details 

policy type (term life, whole life, universal life), policy coverage amounts and premium payment 

history. 

• Website Behavioral data 

websites activity which includes pages viewed, product inquiries, interaction with a call center, customer 

service surveys  

• Health data (with opt-in) 

Health condition and medical history (anonymized). 

B. Procedure for Gathering Data  

Anonymous external databases and internal data sources were combined to provide the data for this 

investigation. 

1.  Internal data sources 

Customer relationship management system, policy administration system, web analytics, and recording 

call centers- with an appropriate and authorized agreement by the client to have that data anonymized for 

usage.  

2.  External databases-anonymous 

Public use demographic databases, such as census, and health data from appropriate databases for which 

there has been implementation of security on the database. 

 

 

Figure 1: Data Transformation [3] 
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C. Data Pre-processing 

Data goes through rigorous pre-processing before being analyzed to ensure that the quality is good 

enough for ML algorithms. The following steps come under this pre-processing:  

• Data Purification: Finding identifying and fixing data outliers, discrepancies, and missing numbers.  

• Data Transformation: Encoding categorical variables in a numerical format compatible with ML 

algorithms. 

• Aspect Engineering: From existing data, new features may be constructed that help improve the 

performance of models, such as an estimated life expectancy for a customer based on the age and 

health information he or she provides. 

• Data Reduction if needed: Applying dimensionality reduction algorithms (such as PCA and Principal 

Component Analysis) if the data has high-dimensional issues. The preprocessed data will then be 

used for the training and evaluation of different ML algorithms for customer segmentation and 

personalized marketing, as follows in the next sections. [4] 

D. Data Pre-processing for Quality Assurance 

Any Machine Learning application is only as good as the quality of the data. In this study, adequate data 

pre-processing steps have been conducted to ensure the integrity of the data and its appropriateness to 

the algorithms used. 

1. Data Cleaning 

• Empty Values: Model performance can be significantly impacted by missing data values. Where 

applicable, appropriate methods will be used, such as modal imputation for a categorical variable or 

mean/median imputation for a numerical variable. Listwise deletion of cases may become necessary 

when there are too many variables with a considerable percentage of missing entries- especially 

those whose data not being critical for drawing those conclusions.   

• Inconsistencies: The inconsistencies that may develop in the data are attributed to typos, errors in 

formatting, or in the entry of data. The string-matching algorithms and data validation techniques 

shall be used to identify inconsistencies in the dataset and rectify them. 

 
Figure 2: Data Imputation Methods for Numeric Dataset [5] 
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2. Data Transformation  

• Categories Encoding: In order to evaluate numerical characteristics, many machine learning methods 

require them. In order to transform categorical attributes—like marital status or policy type—into the 

numerical forms that the algorithms demand, they will either be label encoded or one-hot encoded. 

• Normalization: Features can have different scales in a dataset. Normalization or standardization 

techniques will be used to ensure that features are all on the same scale, which means that features 

on larger scales should not dominate a model when training.  

E. Algorithms for Machine Learning and Model Assessment   

This study examined the use of a number of machine learning algorithms for personal marketing and 

client segmentation in the life insurance industry.   

1. K-Means Clustering 

This is an unsupervised learning algorithm that has become highly popular for customer segmentation. It 

divides customers into clusters defined in advance based on similarity in several features. Techniques 

like the Elbow Method or Silhouette Analysis, determine the best value for k. Through K-Means 

clustering, various customer segments are established that can be differentiated using unique features, 

yet provide proper marketing opportunities.  

2. Customized Marketing 

• Logistic Regression: Logistic regression is a very popularly applied supervised learning algorithm 

meant for classification purposes. It can be used in this scenario to predict the chance that a 

particular customer will buy a certain type of life insurance. This will be determined by their 

demographic data, policy data, and behavioral data. Logistic regression can be used for building 

targeted marketing campaigns that concentrate on high-propensity customer segments. [6] 

The approach proposed in this section strives to structure and systematically investigate policyholder 

retention within the insurance sector. Using the approach of behavioral segmentation and targeted 

interventions, advanced techniques of data analysis can now identify actionable insights that would 

support efforts at improving retention. Through the use of quantitative methods, findings will be not 

only statistically robust but generalizable to the whole sector of insurance. 

IV. ANALYSIS AND FINDINGS 

A. Data Summary 

This paper uses 1,000 policyholders, which have been divided into four clusters according to their 

behavioral traits: high-risk customers, loyal customers, moderate-risk customers, and new policyholders. 

Then, descriptive statistics, K-means cluster analysis, and multiple regression analysis will be conducted 

to investigate these relationships regarding behavioral characteristics and retention. 

• The variables used in the analysis are as follows: 

• Claims Frequency: The number of claims the policyholder has made over the last 12 months. 

• Payment Behavior: Timeliness of payments (on time, late, missed). 

• Risk Aversion: High or low-risk policy preference as indicated by premium and coverage decisions. 

• Customer Loyalty: The length of time the policyholder has stayed with the insurance company. 

https://www.ijlrp.com/
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Figure 3: K-Means Clustering with Customer Segmentation [7] 

B. Behavioral Segmentation (Cluster Analysis) 

The first procedure of the analysis was grouping the policyholders according to their behavior. Using the 

K-means clustering model, four different groups were categorized: 

• High-Risk Customers (Cluster 1): This group had a high claim rate, delayed payments, and preferred 

low-cost, high-risk policies. They comprised 25% of the population. 

• Loyalty Customers (Cluster 2): These policyholders had a low claim frequency, were punctual in 

paying premiums, and were inclined towards high-coverage, low-risk policies. They comprised 30% 

of the sample. 

• Average-Risk Customers (Cluster 3): They had an average claims history and were usually prompt in 

paying their premiums. They divided between high-risk and low-risk policies, making up 20% of the 

sample. [8] 

• New Policyholders (Cluster 4): These individuals were less than 1 year into their policy tenure and 

showed a mix of claims behavior and payment punctuality. They made up 25% of the sample. 

A cluster validation was performed using the silhouette score, which indicated a strong separation 

between clusters (Silhouette score = 0.7), suggesting that the segmentation was appropriate. 

V. DISCUSSION  

A. Interpretation of Key Findings 

The analysis in the previous section revealed several important insights into policyholder retention in the 

insurance sector, which pointed out the important role that behavioral segmentation plays in 

understanding customer churn and retention. The findings provided a data-driven foundation for 

formulating targeted intervention strategies aimed at improving retention rates across different 

policyholder groups. 

1. Frequency and Retention of Claims 

One key finding is that there exists a negative relationship between the frequency of claims and 

retention. In other words, more frequent filers of claims tend to be less loyal to their insurers. There 

could be many reasons for this phenomenon: dissatisfaction with the way claims were handled, 

perceived rising premiums, or the desire for better coverage. This can be addressed by the insurers by 
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improving customer service and enhancing the claims experience, providing tailor-made solutions to 

reduce the impact of high claims frequency. [9] 

2. Payment Behavior 

There is a very positive correlation between timely payment behavior and retention, indicating that those 

who pay on time more regularly are likely to stay with the insurer. All this calls for the encouragement 

of payment discipline through interventions like reminders, loyalty rewards for paying on time, and the 

granting of flexible payment plans. Improving compliance in payments may be a simple yet effective 

way for insurers to increase retention.  

VI. CONCLUSION 

This paper explores the relevance of behavioral segmentation and focused intervention tactics to 

improve policyholder retention in the insurance industry. It was found that behavioral drivers such as 

claims frequency, payment behavior, risk aversion, and customer loyalty contribute to retention results. 

Based on data-driven analysis of such behaviors, insurers can effectively segment their policyholder 

bases and design retention strategies accordingly. [10] 

 

The results suggest that policyholders, who are positive in conduct such as timely payments with low 

claims frequency, tend to remain with the insurer, and those who have a greater number of claims or 

experience payment irregularities require individually designed interventions to prevent churn. However, 

limitations of this research include its reliance on secondary data sources, short intervention period, and 

failure to consider the impact of external market factors.  

 

Hence, further research should work on these gaps by employing primary data sources, examining 

retention strategies for longer periods, and analyzing digital tools and customer satisfaction in terms of 

retention. Ultimately, through continued refinement and adaptation of behavioral segmentation 

strategies, insurers will be able to position themselves to build stronger relationships with policyholders, 

thereby ensuring greater stability and success in an increasingly competitive market. 
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