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Abstract—Customer churn poses a significant challenge in
various industries, including motor insurance. Retaining cus-
tomers within insurance companies is much more challenging
than in any other industry as policies are generally renewed
every year. The main aim of this research is to identify the risk
factors associated with churn, establish who are the churning
customers and to model time until churn. The dataset used
includes 72,445 policy holders and covers a period of one year.
The data comprises information related to premiums, claims,
policies and policy holders. The random forest algorithm turns
out to be a very effective model for forecasting customer churn,
reaching an accuracy rate of 91.18%. On the other hand, survival
analysis was used to model time until churn and it was concluded
that approximately 90% of the policy holders survived for the
first five years while the majority of the policy holders survived
till the end of the policy period. These results could be used to
target the identified customers in marketing campaigns aimed at
reducing the rate of churn while increasing profitability.

Index Terms—Customer retention; customer churn; motor
insurance; feature selection; random forest; survival analysis.

I. INTRODUCTION

Insurance companies operate in a highly competitive envi-

ronment as policy holders could easily change their insurance

providers which satisfy their requirements, possibly even with

cheaper prices and better services. Customer churn is a term

adopted to denote the movement of customers and determining

those who are at risk of leaving [1]. Generally, unless the

customers explicitly make contact with the company with

complaints concerning their policies, it is impossible for the

company to establish who are the customers that are likely

to leave. Due to the amount of policies, which expire every

month, it is difficult for an insurer to contact personally all

customers who have not confirmed whether they will renew

the policy or not. By establishing in advance the customers

who are likely to churn, the insurance company could only

target the concerned customers rather than trying to contact

each policy holder.

In Malta, Third Party Only (TPO) cover is the minimum

obligatory by law and such a policy covers the damage or

injury to third parties. Due to this fact, every vehicle should

be covered by an insurance policy and consequently, the

competition is quite high.

The aim of this research is to identify the risk factors

associated with churn, establish who are the customers at risk

of leaving and to analyse time till the event of churn so these

will be targeted in retention strategies. In order to reach the aim

of this research, we investigated various techniques on the data

provided by a Maltese motor insurance company to classify

churners and non-churners and to model time until churn. In

particular, we investigated decision trees, logistic regression,

Naive Bayes, random forests, support vector machine (SVM)

and survival analysis.

The following sections present the related work in this area,

methodology, results, limitations, future work, discussions and

conclusion.

II. RELATED WORKS

Customer churn is an important problem that is gaining

popularity both in the industry and in academia. The telecom-

munication industry is amongst the most popular ones where

such methods have been used to prevent customer churn. The

reason behind this could be that a lot of people make use of

this service and therefore the competition is at its highest. This

makes it easier for customers to move and use the service of

a competing service provider.

From recent studies, we observed that the most popular

techniques in this context are decision trees, neural networks

and logistic regression, Table I.

A review of more than sixty research papers was performed

by Babu and Ananthanarayanan [28] and they found that the

most popular techniques, particularly in the telecommunica-

tions industry, are decision trees and neural networks, while

there is less focus on hybrid models.

A. Customer Churn in the Insurance Industry

The role of an insurance company is to offer financial

compensation in the event of a loss. Generally, in this industry

the probability of growth is low while the competition is high.

Similar to other industries, customers are free to choose an

insurance provider and can easily move from one company to

another. The choice of the insurance provider could be based

on various criteria, including price and service, amongst other

reasons.

In this industry, retaining and acquiring new customers

is significant in order to manage competition. A loss of a

customer may signify a loss in revenue for several years.

Generally, if customers are satisfied, they remain loyal to

the same insurance company and maintain several types of

policies. The reasons for leaving an insurance company are

various. Customers may be offered the same policy with a

cheaper price, or else, a policy holder might have claims which
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TABLE I
RECENT RESEARCH IN THE CONTEXT OF CUSTOMER CHURN

Authors Prediction Technique

Au et al. [2] Decision trees and neural networks
Nie et al [3] Logistic regression and decision trees
Burez and Van den Poel [4] Random forest and survival analysis
Wei and Chiu [5] Decision trees
Kamalraj and Malathi [7] Decision trees
Datta et al [8] Decision trees
Kirui et al [9] Decision trees and Naive Bayes
Olle and Cai [10] Logistic regression and neural networks
Faris et al [11] Clustering and neural networks
Sharma et al [12] Neural networks
Pendharkar [13] Genetic algorithms
Nath and Behara [14] Naive Bayes
Hung et al [15] Decision trees and neural network
Lee et al [16] Logistic regression
Branddusoiu and Toderean
[17]

SVM

Li Yi [18] SVM
Balaji and Srivatsa [19] Naive Bayes
Smith et al [20] Decision trees, logistic regression and neu-

ral networks
Oshini et al [21] Decision trees and neural networks
Hosseni et al [22] Logistic regression
Su et al [23] Clustering and logistic regression
Fu and Wang [24] Survival analysis
Van Den Poel and Lariviere
[25]

Hazard models

Xie et al [26] Decision trees, neural networks and SVM
Ying et al [27] Decision trees, neural networks, random

forests and SVM

are not yet settled or might not be satisfied with the service

provided by the current provider.

A study carried out by Crawford in 2015 [29] indicates

low retention rates in the European insurance market. Con-

sequently, insurance companies have to focus on how to be

more competent and find various methods of encouraging

loyalty towards the company. Several studies were conducted

in the context of customer churn in the insurance industry

[19], [20], [21], [22], [23], [24]. Decision trees [20], [21],

logistic regression [20], [22], [23] and neural networks [20],

[21] are amongst the most popular techniques implemented

for the prediction of customer churn.

In addition, following a research on customer churn vari-

ables, we consider that generally variables associated to policy,

policy holder, claims, premiums and customer satisfaction

are taken into consideration. Particularly, these variables are

included in Table II. Following several research and interviews

with managers in the sector of financial services, in [25]

the authors presented variables that are directly associated

to customer attrition. These variables include data related

to customer behaviour, perception, demographics and any

changes that might occur. Most of the variables found in the

literature and those suggested by the study of Van Den Poel

and Lariviere [25] are overlapping.

The proposed research contributes to the present literature

by investigating further machine learning techniques, such as

random forests, in the context of motor insurance. In addition,

TABLE II
VARIABLES RELATED TO CUSTOMER CHURN GENERALLY USED IN THE

LITERATURE

Variable Articles

Age [19],[30], [31], [32], [23],[33],[34]
Gender [19],[32], [23],[33],[34]
Education level [35]
Location [36]
Income [35]
Customer satisfaction [35]
Number of policies [35]
Number of complaints [31], [32], [23],[35], [37], [38]
Claim data [23], [35]
Premium [31], [32], [23],[33],[35],[37]
Type of policy [23]
Number of years insured [31], [32],[33], [39]
Start date of contract [23], [40],
End date of contract [23], [40]
Date of birth [40]
Marital status [19],[23], [33]
Proposal date [23]
Other motor policies [33]

Fig. 1. The approach proposed for the prediction of customer churn

the majority of the research studies, particularly in motor

insurance, either predict the customers who are likely to switch

behaviour or analyse time to the event of churn. In this

research, the aim is to identify the risk factors associated with

churn, determine who are the churning customers and to model

time till churn.

III. METHODOLOGY

Figure 1 shows a high-level overview of the approach we

proposed for the prediction of customer churn.
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A. Feature Selection

Following an initial research on the features commonly used

in this type of study, the dataset that we used started with

twenty seven variables, that we listed in Table III. Since the

variable importance is not known in advance, it is desirable

to rank and select the most relevant variables that are mostly

associated to customer churn.

Our feature selection phase consists of the following steps:

• First, the Boruta algorithm [41] was applied in order

to remove irrelevant variables. The Boruta algorithm is

based on the same principle as the random forest. It

involves shuffling the predictors’ values and combining

them with the original predictors to build a random forest

on the combined dataset. A comparison of the original

variables with the randomised variables is then performed

to measure variable importance and progressively elimi-

nating irrelevant ones.

• Subsequently, information gain, gain ratio, chi-square

test of independence, recursive feature elimination [42]

and random forest [43] were used for feature ranking

by sorting the remaining variables according to their

significance and dependence on the target variable.

• In addition, association rules were used to search for mul-

tiple independent characteristics that appear frequently

and to establish rules that relate to the frequently occurred

elements in the dataset.

B. Implementation of Techniques

1) Machine learning: This research involves a classification

problem, in particular a two-class problem; to renew or not

to renew. In particular, we investigated machine learning

techniques, namely, decision trees, Naive Bayes, random for-

est, logistic regression and SVM. The former three do not

require rescaling or normalization of features and can deal

with heterogeneous type of data. For logistic regression and

SVM, categorical variables were converted to numerical using

dummy variables. These techniques were implemented in R

[44] using the functions and the default parameters found in

R packages.

2) Survival analysis: Survival analysis was employed on

the data following feature selection to give an indication of

time until churn and to determine which characteristics are

associated with churn. Survival analysis is generally used to

examine the data where the outcome variable involves the time

until the occurrence of a particular event. In this study, survival

analysis was performed to analyse customer churn both from

a lapse and cancellation point of views. Therefore, in the event

of a lapse, the survival time is the time in years until a policy

holder decides to terminate the policy. On the other hand, in

the event of a cancellation, the survival time is the time in

days to cancellation. The dependent variable is made up of

two components which are the time to the event and the status

of the event. The latter includes whether the event of churn

occurred or not. Moreover, in this study, an analysis of the

relationship of the independent variables with the survival time

was performed using the Cox Proportional Hazard regression

TABLE III
THE COMPLETE SET OF FEATURES CONSIDERED IN THIS STUDY

Type Variables

Vehicle Vehicle make, vehicle model, body type,
CC, fuel type, seating, sum insured, year of
make

Enforced policy NCD rate, NCD year, number of years
insured, other motor policies, cover code,
cover type, scheme, policy duration

Premium and claims Premium, claim number, claim cost, loss
ratio

Driver and policy holders Driver type, gender, nationality, age, town
description, occupation

model [24]. These techniques were implemented in R [44]

using the functions and the default parameters found in the

in-built survival package [45].

IV. EXPERIMENTS AND RESULTS

A. Data Collection

The anonymised data used for this study is collected from

the database of a Maltese insurance company. For the formu-

lation of the data, both the variables found in the literature

(included in Table II) and the study of Van Den Poel and

Lariviere [25] were taken into consideration. We could not

use all the variables reported in Table II as some of them were

not available. The missing variables are related to education,

income, customer satisfaction, complaints, customer percep-

tion and macro-economic variables. In addition, apart from the

available variables mentioned, another set of variables which

were available and related to the customer, policy, vehicle and

drivers, were taken into consideration.

Table III includes the complete set of variables used for this

research. The chosen dataset is related to the motor profile and

covers a period of a year. It contains variables from 72,445

customers.

The data used for this research was combined from various

sources. In order to gather high quality data, the integration

of the data was done in a way that reduces redundancies

and inconsistencies. This includes gathering data about the

policy, policy holder, vehicle, drivers, premiums, claims and

claims cost from different sources in one coherent dataset. This

process of integration required some data clean up. The data

included missing values for two significant variables, namely,

proposal date and date of birth. These variables were needed

to compute the number of years insured and the age of the

youngest driver who is authorised to drive the vehicle. This

issue of missing values is usually addressed by imputing values

using the available data. This process was not possible in

our case and chose to remove the records that have missing

proposal date or missing date of birth.

Due to the nature of the cover of TPO policies, the market

value of those vehicles that are covered by a TPO policy is not

generally included. Therefore, an external source that consists

of the current market value of the vehicles in Malta was used
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Fig. 2. The most relevant features ordered according to their importance

to get the current market value of the vehicles insured under

the TPO cover.

For the customer churn problem, the datasets are commonly

imbalanced as the majority of the policy holders usually

decide to stay with the same company. We investigated under-

sampling and over-sampling techniques to balance the dataset.

Under-sampling reduces the records from the class with the

largest proportion while over-sampling generates synthetic

data in the minority class to balance the dataset.

B. Feature Selection

The most significant variables were also chosen in order to

simplify the input feature vector in our classification model.

The Boruta algorithm found that nationality, occupation and

town description are insignificant and, therefore, these vari-

ables were automatically discarded. Policy duration was also

discarded since this might be a trivial variable for those

policies which are not renewed. The other variables were

chosen by selecting the top ten variables from each technique

and then selecting those that overlapped in at least two of

the techniques. The completed set of variables selected from

the feature selection phase includes; other motor policies,

vehicle model, cover code, CC, cover type, NCD rate, sum

insured, year of make, claim cost, number of years insured and

premium. Figure 2 illustrates the relevance and ranking of the

selected features. The rank of each selected feature is taken

to be the maximum value of the considered feature selection

methods. The ranks are then normalized such that their sum

is equal to 1.

From the feature selection phase, an insurance company

could also get an indication of what characteristics might lead

to a lapse of the policy. It turns out that variables related to

other policies, vehicle model, type of policy and the size of the

engine are very good indicators of churn. The policy holders

who possess more than one policy, specifically four policies

are those policy holders who have a less probability of churn.

Also, policy holders who have an NCD rate of 65% are less

likely to churn. On the other hand, those policy holders who

claim more than once have a higher possibility of churn.

C. Machine Learning

Various experiments were conducted in order to find the

most suitable model for customer churn. First, the data was

TABLE IV
THE AVERAGE ACCURACY OVER THE 10-FOLDS OF MACHINE LEARNING

ALGORITHMS USING ALL AND SELECTED VARIABLES

Machine

Learning

Algorithm

Accuracy –

All

Variables

Accuracy –

Selected

Variables

Random Forest 89.90% 88.33%
Naive Bayes 88.33% 87.75%
Decision Tree 88.23% 88.37%
SVM Radial 81.36% 49.63%
Logistic Regression 75.23% 70.65%
SVM Linear 74.65% 72.76%

TABLE V
CONFUSION MATRIX OF RANDOM FOREST

Renewed Not Renewed

Renewed 17,837 814
Not Renewed 1,380 1,702

balanced using a combination of over-sampling and under-

sampling techniques. Subsequently, we evaluated the model

twice using 10-fold cross validation. The first time we used

all features and the second time we used only the selected

features listed in Figure 2. For the purpose of evaluation,

the confusion matrix and the accuracy rate were computed

for each experiment and finally we evaluated the best model

using live data. The live data includes 4,186 policy holders

and covers a period of three months. This was only used to

evaluate the performance of the model and includes the same

variables as the data used to train and validate the model.

1) Over and Under Sampling: We used the ovun.sample

function embedded in the package ROSE [46] in R that

combines under- and over-sampling techniques to balance the

data.

2) Cross Validation: For this analysis, the data was divided

into ten subsets where nine subsets were used for training

while the other subset was used for validation. This process

was repeated ten times, with each time changing the valida-

tion subset. As indicated in Table IV and Table V, random

forest resulted to be the best model in classifying the policy

holders as churners and non-churners. The most significant

variables were chosen to try and improve the accuracy of

the classification model. As indicated in Table IV, however,

the majority of the techniques performed slightly better when

using all variables.

D. Survival Analysis

Survival analysis was used to model time till churn. As

indicated in Figure 3, 90% of the policy holders survive the

first five years. Since the data covers a period of a year, we do

not have data of previous churners, therefore the results might

be influenced by this limitation. Figure 4 gives a closer look

of what happens during a period of any given year. It turns

out that less than 12% of policy holders churn out before their

active policy expires.
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Fig. 3. Survival curve showing the proportion of policies that remained active
since inception

Fig. 4. Survival curve showing the activity during the policy period of one
year

V. DISCUSSION

Wilson [47] concluded that relationships with customers

change over time through typical stages such as relationship

marketing, which is an aspect of Customer Relationship Man-

agement (CRM) that focuses on customer loyalty and long

term relationship. This could be noted from feature analysis

as variables associated with other policies and years insured

are highly correlated with the policies that are renewed. It

was also noted that the majority of the customers who are

associated with a high probability of churn are policy holders

who claim quite frequently and, consequently, these customers

might not be very profitable to the company.

The random forest algorithm turns out to be the best tool,

among the methods we investigated, to predict customer churn.

It obtained an accuracy of 89.9%. Hence, valuable customers

TABLE VI
PERFORMANCE OF RANDOM FOREST USING LIVE DATA

Machine

Learning

Algorithm

Accuracy –

All

Variables

Accuracy –

Selected

Variables

Random Forest 91.18% 90.28%

TABLE VII
RANDOM FOREST CONFUSION MATRIX WHEN APPLIED TO LIVE DATA

Renewed Not Renewed

Renewed 3,614 108
Not Renewed 261 203

who are likely to churn could be identified by this technique.

In order to confirm the adequacy of the model, the random

forest classification model was also tested using three months

of live data, the results of which are summarised in Table VI

and Table VII. The accuracy rate of 91.18% that we achieved

on the live data is comparable to what we achieved on the

validation data and this confirms that the proposed method

did not over-fit on the considered training and validation sets.

Survival analysis was used to evaluate time until the event

of churn. It resulted that 90% of the policies survive with the

company for up to 5 years and that almost all the policies

make it through the end of the policy period. In this research,

the Cox Proportional Hazard model was used to analyse the

association between survival time of policy holders and the

other predictors. From the hazard ratios extracted from this

model, it was established that there is a strong relationship

between the other policies and higher rates of survival. On

the other hand, TPO covers are associated with an increased

rate of churn.

Future work on this area could be more focused on the data.

The data used in this work includes the latest information

regarding the policy before the renewal. Another possibility

is to create multiple variables for time varying variables

such as the non-claim discount rate, which varies from one

renewal to another. It could also be interesting to examine the

whole profile of the customer rather than the motor profile

by itself, as well as including features, such as prices, of the

competitors.

VI. CONCLUSION

The random forest algorithm is a very effective technique to

predict customer churn for a motor insurance company, reach-

ing an accuracy of 91.18%. Feature analysis was conducted

to give us an insight into the most relevant features for this

application. Survival analysis was employed to model time

until churn and it was found that approximately 90% of the

policy holders remain with the company for up to five years

while the majority of the policy holders does not terminate the

policy before the expiry date.

This study focuses on motor insurance, but the approach

could be adapted to other CRMs that share the same problem

of predicting customer churn.
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