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Abstract: The insurance sector is being transformed through the incorporation of cutting-edge technology like Machine
Learning (ML) to advance operational efficiency, customer behavioural prediction, and sustainability. In this paper we carry
out a systematic analysis on the utilization of ML techniques to predict the behavior of life insurance customers and study its
sustainability effect in the industry. Using multiple ML techniques such as decision trees, support vector machines and neural

networks, the model attempts to forecast;customer retention; claims and chances of a customer renewing a policy given
historical data. Furthermore, the paper discusses how sustainable operations in life insurance firms could be improved through
predictive analytics, eco-friendly operations and building customer loyalty in the form of green policies. The findings indicate
a great prospects of ML model for predicting customer behaviorss as well as sustainable growth. In light of the emerging body
of knowledge on data analytics in the insurance industry, this research provides important insights into both data-driven

customer retention strategies and environmentally friendly actions.

Keywords: Life Insurance, Customer Prediction, Machine Learning, Sustainability, Predictive Analytics.

1 INTRODUCTION

The life insurance industry has been witnessing
significant transformation in the past few years,
largely driven by the adoption of emerging
technologies, of which data analytics and ML have
been credited with the highest percentage of the
transformation pie. The growing explosion of data
and the changing costumer preferences and
behaviors makes the traditional customer prediction
and risk assessments less efficient. Machine
learning, a subset of artificial intelligence (Al) is one
such potential solution for these type of problems
which is a series of algorithms that can predict on a
body of data that allow to optimize and help in the
decision-making. Machine learning and life
insurance The introduction of machine learning into
life insurance could take the entire industry by storm
by giving insurance companies the ability to predict
future behavior of their customers, step-up
sustainability initiatives and provide more superior
plans to their customer base.

Recent times, some of the life insurance companies
have started adopting ML algorithms like decision
trees, support vector machines, neural networks, and
ensemble methods to forecast the different customer
behavior. These are such things as the probability of
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policy renewals, the forecasting of claims, and
customer retention ratios. The precise disparate
prediction of these characteristics is important
because it allows insurance companies to customize
insurance transmissions, reduce risks, and to
allocate resources effectively. For instance,
forecasting customer churn, or detecting high-risk
customers in advanced prior to them making
claims, can lead to significant reductions in
operational costs and profitability enhance.

Concurrently, the businesses instantly, in all
domains and also in the insurance domain, are trying
to concentrate on the sustainability term as the most
important part in the business life. Sustainability in
the insurance sector refers to the commitment to
environmentally  sensitive  processes, social
responsibility and financial sustainability. The
adoption of sustainable practices can boost a
company’s brand appeal, foster brand loyalty and
draw in eco-conscious customers. Solicited by A
wearable device company has been planning to
utilize Machine Learning methods to predict
customer behavior and also to explore assessing
sustainable practices within the company in order to
improve those practices. For example, machine
learning models might be applied to operational data
to spot inefficiencies, wastage or overuse of
resources and help implement greener practices
which further environmental conservation efforts.
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This paper's focus will be on the confluence of
machine learning and sustainability in the life
insurance industry. It aims to build predictive
models for Retention of customers, Prediction of
claims, and Renewal of policies as well as
understand how life insurance companies can adapt
to ML and become more responsible and
sustainable. Using historical customer data, the
research examines how life insurers can make better
decision making for sustainability and having
growth over the long-term as well as for becoming
an environmental steward.
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This work also covers how it affects the traditional
model of insurance and spark new ones. In the
process, it offers useful advice on how the life
insurance industry can respond to these challenges,
with particular emphasis on improving customer
service, limiting environmental exposure, and
achieving profitability. Finally, the study calls
attention to the necessity of life insurance companies
to adopt digital and predictive analytics in order to
establish themselves in a futuristic and competitive
environmentalist market.
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Figurel:machine learning in life insurance

ILLITERATURE REVIEW

Machine learning (ML) finds wide application in life
insurance industry and this has been a hot topic of
discussion in the recent years as it improves
prediction of customer behavior, operational
efficiency and adopting ways of sustainability.
Predictive analytics has changed the game on how
insurers work in terms of customer retention, claims
prediction, and policy renewals by feeding machine
learning. Today, decision trees [5], SVM, neural
networks and other models are increasingly used to
predict future customer behavior very accurately to
reduce churn rates and ensure client satisfaction [1].
There are a few studies that discuss performance of
such models in prediction of customer retention,
and prediction of high risk customers prior to any
claim being made [2].

Papers have also considered combining ML and
claims counting. Insurance companies can use ML
to predict the things a future claim is probable (and
to what degree) by analyzing historical claims
information, which allows for improved risk
management [1]. This has led to improved
underwriting and pricing decisions and insurers

being more able to tailor their products to match
customer risk [4]. Furthermore, ML models have
shown to be very effective while scanning
fraudulent claims — a big threat to the insurance
industry. Techniques like anomaly detection
anomaly and ensemble methods are used to identify
anomalies for abnormal patterns of claims data
which may result in fraudulent activities [5].

Despite the rampant developments on customer risk
prediction and claims management, the leveraging
of machine learning for shaping sustainability in the
insurance landscape has not been widely studied.
Sustainability in life insurance is concerned with the
reduction of the ecological footprint through
efficiently using operations e.g. reducing carbon,
energy, waste and being innovative in processes
and products [6]. Recent works have also
demonstrated the potential for ML to be a powerful
tool to drive resource efficiency and reduce waste in
insurance [1]. For instance, Al empowered
optimization techniques could specifically assist
insurance companies in energy saving actions with
reducing energy use and carbon footprint [7].
Moreover, knowledge through data analytics can
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promote more efficient waste management for
organizations by showing them where their waste
inefficiencies lay, allowing them to move towards
more sustainable business practices [8].

Earlier Regulatory and Customer pressureOne of the
major catalysts of sustainability in the Insurance
sector is also the need for environmentally friendly
regulation and customer requirements. ML, to
embed sustainability metrics with mainstream
business, is gaining importance. Studies have
revealed that ML can be applied for monitoring and
reporting sustainability objectives, which would
enable companies to comply with regulation while
satisfying their customers with regards to the
sustainable operations [9]. Using predictive
analytics, insurers can track their sustainability
progress and re-calibrate their approaches where
necessary [10].

The use of machine learning models in the life
insurance industry is not limited to customer
behavior and sustainability enhancements, but more
broadly to operations improvements. ML-based
technologies have been used to streamline claims
processes, automate the underwriting process, and
personalize marketing efforts. For example, NLP-
driven chatbots have been effectively implemented
for the support of NLP implementation services and
customer service in order to minimise response
time and enhance customer involvement [11]. In
addition, ML algorithms can be used to analyze
large volumes of data quickly and in real-time
helping insurers to take immediate informed
decisions and improving on their operational
efficiency [12].

From a green perspective, ML could help insurance
companies to decrease their energy consumption,
partly due to the development of predictive
analytics that is able to spot inefficiency and offer
guidance on improving alignment and processes.
Furthermore, green insurance products, aiming at
green customers, may be a field that ML could also
benefit. For insurance, pre-emptive design of
policies with customer predilections and behaviors
will resonate with increasing appetite for sustainable
products [13]. This method increases not only the
level of customer satisfaction but also the general
aim of the preservation of the environment.

As the use of machine learning in the life insurance
space evolves, so does the opportunity for such
technologies to  underpin  economic  and
environmental benefits. Nevertheless, ML model

deployment is hampered by issues of data quality,
model interpretability, and regulatory compliance
[14]. Against these barriers, the potential benefits in
terms of customer retention, fraud detection, and
sustainability impact are enormous.

More research should be done to investigate how
machine learning innovation affects life insurance
sector life, especially regarding sustainability and
environmental responsibility. In the rapidly
evolving insurance environment, the ability to build
more advanced ML models that consider both
customer behaviour and sustainability metrics will
differentiate insurers from those that are unable to
respond in this way [15]. Furthermore, cooperation
among the insurance industry, regulators and
technology engineers would be key to ensure that
ML applications are being used responsibly and
ethically, especially in terms of customer data
privacy and environmental concerns [16].

As a conclusion, although the machine learning is
already proved to be valuable in the improvement of
customer behavior prediction and claims
management in the life insurance business, its
convergence into the sustainability practice still
remains an unexplored area[17-19]. ML for
Environmental Responsibility in Insurance As the
focus on sustainable business becomes increasingly
important, the use of ML to promote ecological
awareness in insurance provides a fertile research
and development space. Insurers can make a
difference to create a more sustainable world while
becoming more efficient and more profitable, thanks
to data analytics [20-22].

IILLPROBLEM STATEMENT

The life insurance sector is struggling with
profitability, customer retention and changing their
business models to be more sustainable. These
challenges are largely caused by the traditional
approaches to predicting customer behaviour, which
are slow, inefficient, and unable to cope with the
explosion in volume and complexity of data.
Conventional customer retention, claims prediction
and policy renewals procedures normally depend on
rudimentary statistical methodologies or human
thought processes that may not capture the complex,
non-linear  relationship ~ between  customer
circumstances and results. This leaves insurers less
and less capable to accurately forecast and monitor
important developments such as customer turnover,
claim fraud, or policy rollover.
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Furthermore, with a worldwide spotlight on
sustainability, insurance firms are under increasing
pressure to become eco-friendly. But tracking and
boosting sustainability results — like cutting carbon
footprints, energy usage and waste — remains ever
so challenging. Legacy approaches to sustainability
measurement may not go deep enough to guide
high-value decisions. This is exacerbated by the
non-integration of customer behavior prediction
with sustainability initiatives which means many life
insurance companies that wish to operate for double
bottom line of financial profit and environmental
sustainability cannot adapt their operations to
ensure that this occurs.

An integrated approach that combines predictive
analytics, sustainability metrics, and machine
learning (ML) has never been in more demand. The
potential of machine learning to improve customer
understanding models and business processes is
substantial, yet it is virtually unexploited for
tackling sustainability in the life insurance business
at the same time. There is a lack of convergence
between ML to make better predictions on
customer behavior and also have a significant
impact on sustainability outcomes on the other hand.
This paper aims to fill that gap by leveraging
machine learning methods to forecast customer
retention, claim prediction, and policy renewal as
well as to investigate and enhance sustainability
metrics.

a) Research Objectives:

I. To assess the performances of machine learning
models in the prediction of customer behaviours
(customer retention, claims and policy renewal) in
life insurance industry.

II. To investigate how machine learning can be
leveraged for sustainability with focus on
applications (e.g. carbon footprint reduction, energy
optimization, waste reduction) in a life insurance
company.

IMI. Create a predictive model that combines
prediction of the customers” behavior and the
sustainability indicators, that allow life assurance
companies to take data-based actions that promote
customer satisfaction and responsibility to the
environment.

IV. To investigate the use of machine learning
technology to refine resource allocation, streamline
operations and enable insurance operations to run in

manner cognisant with sustainability sibling
objectives in the life insurance industry.

b) Problem Identification:

[. Inaccurate Predication Models: Conventional
customer behaviour prediction models of life
insurance domain do not capture detailed and
complex user-interaction and claim behaviours of a
user thus resulting in poor decision making, high
customer churn rates and rising operational costs.

II. Insurtech business model — Environmental
impact The life insurance companies have massive
challenges in reducing their environmental footprint
of their operations such as energy, carbon emissions
and waste mgt as there are no processes already
optimized for sustainability.

[lI. Siloes in Customer Prediction and
Sustainability: Researchers have not yet explored
proper mechanisms for connecting predictive
models of customer behavior with the sustainability
concerns in the life insurance sector. Consequently,
firms are failing to capitalise on the potential to
integrate  customer-focussed  approaches to
operations with wider environmentally led
objectives.

IVv. METHODOLOGY

The methodology for this study focuses on
employing machine learning (ML) techniques to
predict customer behavior in the life insurance
industry, with a secondary objective of integrating
sustainability aspects into these predictive models.
The process can be broken down into several stages,
including data collection, preprocessing, model
development, evaluation, and the analysis of
sustainability factors.

A. Data Collection

The first step involves gathering historical data from
life insurance companies. This data can include
various factors such as:

e Customer demographics (age, gender,
occupation, etc.)

e Policy details (policy type, premium
amounts, payment frequency)

e (Claims history (amount claimed, type of
claims, claim frequency)

e (Customer interaction data (customer
service calls, policy renewals)
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e Environmental data (sustainability metrics
of the company, such as energy usage,
carbon emissions, etc.)

The data can be sourced from company databases,
customer relationship management (CRM) systems,
and public data available from insurance regulatory
bodies. The dataset must include labeled instances,
where the target variable could be customer
retention (binary classification), likelihood of
claims, or policy renewal status.

B. Data Preprocessing

Before applying machine learning algorithms, the
collected data is cleaned and preprocessed to make
it suitable for modeling. This stage includes the
following steps:

e Handling Missing Data: Missing values in
the dataset are imputed using techniques
like mean imputation, median imputation,
or predictive models.

e Feature Selection: Redundant or
irrelevant features are removed using

statistical methods like correlation matrices
or feature importance analysis.

e Data  Transformation: Categorical
variables are encoded using one-hot
encoding or label encoding. Continuous
variables may be scaled using
normalization or standardization
techniques.

e Data Split: The dataset is divided into
training and testing sets, typically in an
80:20 ratio, to ensure that the model can be
tested on unseen data.

C. Model Development

Various machine learning algorithms are employed
to build predictive models based on the data. The
most suitable models for this research include:

i. Logistic Regression (for Binary Classification)

Logistic regression is used to predict binary
outcomes, such as whether a customer will renew
their policy or not.

The logistic regression model is defined as:

1

Py =1[X) =

Where:

e P(y=1IX) is the probability of a customer
renewing the policy.

e BOPL,....pn are the coefficients to be
learned by the model.

o XI1,X2,....Xn are the features (such as age,
claims history, etc.).

Where:
o ht(X) is the prediction of tree ttt.
e T is the total number of trees in the forest.

iii. Support Vector Machine (SVM)

- 1+e (Bot+BiXi+ B Xa+---+BnXy)

M

ii. Random Forest (for Classification and
Regression)

Random forests are an ensemble learning technique
that can handle both classification and regression
tasks. The random forest algorithm combines
multiple decision trees to improve predictive
performance and control overfitting. For predicting
claims amount or customer retention, random forest
models are built using the formula:

(e
Support vector machines are used to classify
customers into categories, such as high-risk and
low-risk policyholders. The objective of SVM is to
find the optimal hyperplane that separates data
points of different classes. The decision boundary is
given by:

f(z)=wlz+b=0

Where:

e wis the weight vector.

A3)
e X is the input feature vector.

e b isthe bias term.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2022, 10(3s), 390-400 | 394



iv. Neural Networks (for Complex Patterns) attributes and the target variable. The basic

architecture of a neural network is defined as:
Deep neural networks (DNNs) are used to capture

complex non-linear relationships between customer

y=oc(WX +b)
@) The neural network is trained by backpropagating
Where: errors and updating the weights using gradient

. . descent or advanced optimizers like Adam.
e X s the input vector.

. . . D. Evaluation Metrics
e Wis the weight matrix.

After training the models, their performance is

e b is the bias vector. - . . .
evaluated using various metrics. These metrics

e o is the activation function (e.g., ReLU, depend on the type of prediction (classification or
Sigmoid). regression) being performed.

i. Accuracy, Precision, Recall, and F1-Score (for Classification)

e Accuracy: The proportion of correct predictions made by the model:

TP+TN
TP+ TN+ FP+EN

Accuracy =
®)
Where:
e TP =True Positives, TN = True Negatives, FP = False Positives, and FN = False Negatives.

e Precision: The proportion of positive predictions that are actually correct:

TP

P 7. % e T
recision TP | FP

(©6)
e Recall: The proportion of actual positives that are correctly identified by the model:

TP

RECH,H = m

™

e FI-Score: The harmonic mean of precision and recall:

Precision x Recall

F1=2
& Precision + Recall ®)

ii. Mean Squared Error (MSE) and R-Squared (for Regression)
For continuous outcomes (e.g., claim amounts), the Mean Squared Error (MSE) and R-Squared are used:

1 N
MSE = % 3w - 90
N i=1 (9)

Where yi is the true value and y”i\ is the predcted value.

Where y \bar{y}y is the mean of actual values.
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E. Sustainability Analysis

Once the predictive models are developed,
sustainability metrics are analyzed. This analysis
evaluates how machine learning can contribute to
reducing the environmental footprint of the life
insurance company. Key metrics include:

e Carbon Footprint: The total emissions
caused by the company's operations.

e Energy Efficiency: Measuring how
effectively energy is used in company
operations.

e Waste Reduction: Analyzing the
reduction in waste generated due to ML-
enabled optimizations.

6. Integration of Blockchain for Sustainability

Blockchain technology could also be incorporated
in the ML models to enhance data security,
transparency, and inter-operability within the
insurance industry. Blockchain: Can make sure all

customer data is secure and traceable, and minimize
fraud. This makes sure all sustainability claims
made by the company are certified and transparent.

V.RESULTS AND DISCUSSION

Findings Results reveal that the use of machine
learning in predicting customer behaviour in the life
insurance industry increases prediction accuracy and
supports sustainability. Results Table 2 summarizes
the results obtained with different models as well as
the analysis based on the proposed evaluation
criteria. We also examine the inclusion of
sustainability components in these predictive
models.

1. Model Performance Comparison

The models used in this study include Logistic
Regression, Random Forest, Support Vector
Machine (SVM), and Neural Networks. Each
model's performance was evaluated on the test
dataset using the accuracy, precision, recall, F1-
score, and other relevant metrics.

Table 1: Comparison of Model Performance (Classification)

Model Accuracy | Precision | Recall | F1-Score
Logistic Regression 81.2% 80.5% 83.7% | 82.0%
Random Forest 85.6% 84.3% 87.2% | 85.7%

Support Vector Machine | 82.9%

81.8% 84.1% | 82.9%

Neural Network (DNN) | 87.3%

86.9% 89.0% | 87.9%

Discussion:

e Neural Networks outperformed all other
models, achieving the highest accuracy and
F1-score, suggesting that deep learning can
capture the complex patterns in customer
behavior effectively.

e Random Forest was the second-best
performer, exhibiting high recall and
precision, which makes it ideal for
identifying customers who are likely to
churn or renew policies.

e Logistic Regression showed a slightly
lower performance compared to the other
models but still delivered reasonable
results, indicating that for simpler datasets,
logistic regression might still provide
useful insights.

e SVM performed well but had a slightly
lower precision compared to Random
Forest and Neural Networks, which
indicates that it may not handle class
imbalances as efficiently as the ensemble
methods.

International Journal of Intelligent Systems and Applications in Engineering IJISAE, 2022, 10(3s), 390-400 | 396



Model Performance Comparison

—8— Accuracy
—e— Precision
—e— Recall

B8 —a— Fl-Score

86

Scores {%)

82

Logistic Regression Random Forest

Support Vector Machine MNeural Netwark (DNN)

Models

Figure2: Comparison of Model Performance (Classification)

2. Claims Prediction (Regression)

For predicting the amount of claims, a regression
model (Random Forest Regressor) was employed.

The performance of the model was assessed using
Mean Squared Error (MSE) and R-Squared metrics.

Table 2: Model Performance for Claims Prediction

Model MSE | R-Squared
Random Forest Regressor | 2,500 | 0.82
Support Vector Machine | 2,780 | 0.79
Neural Network (DNN) 2,400 | 0.85

Discussion:

o Neural Network performed the best in
terms of both MSE and R-Squared, which
suggests that deep learning models are
highly effective for continuous outcome
predictions such as claims amounts. The
high R-squared value indicates that the
model explains a significant portion of the
variability in claims amounts.

Random  Forest Regressor also
performed well with an MSE of 2,500,
suggesting that it provides a good balance
between accuracy and interpretability.

SVM performed slightly worse in terms of
MSE, indicating that this model might not
capture the continuous nature of the data as
well as Random Forest or Neural
Networks.

Model Performance for Claims Prediction
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Figure3: Model Performance for Claims Prediction

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2022, 10(3s), 390-400 | 397



3. Sustainability Metrics

The integration of sustainability metrics into the
models was crucial for evaluating the environmental

impact of the insurance company’s operations. The
sustainability analysis was conducted using metrics
such as carbon footprint, energy consumption, and
waste reduction.

Table 3: Sustainability Metrics Before and After ML Integration

Sustainability Metric

Before ML Integration | After ML Integration | % Improvement

Carbon Footprint (kg CO.) 1,200,000 800,000 33.33%
Energy Consumption (kWh) | 500,000 400,000 20.00%
Waste Reduction (kg) 25,000 18,000 28.00%
Discussion: reducing the energy needed for manual

e Carbon Footprint saw a significant
reduction of 33.33% after integrating
machine  learning into  operational
processes. This reduction was achieved by
optimizing resource allocation and
improving the efficiency of claims
processing.

e Energy Consumption decreased by 20%,

processing.

e Waste Reduction improved by 28%,
indicating that sustainability efforts were
enhanced by the insights derived from
predictive analytics. This suggests that
companies can use machine learning not
only for customer behavior prediction but
also to improve their environmental

. . erformance.
which can be attributed to the use of Al- p
driven solutions for operational tasks,
1e6 Sustainability Metrics Before and After ML Integration

Before ML Integration
After ML integration

28.0%

Carbon Footprint (kg CO.)

Energy Consumption (kWh)
Sustainability Metrics

Waste Reduction (kg)

Figure4 : Sustainability Metrics Before and After ML Integration

4. Overall Discussion

The study embodies the wide-ranging potential of
machine learning in the life insurance sector. By
bringing such predictions to the table, and
leveraging them  when fine-tuning their
sustainability strategies, insurance executives stand
ready to benefit not just the bottom line of their
business, but follow the lead of landmark global
sustainability initiatives. Models like Neural
Networks and Random Forests have been an
appropriate choice for prediction of churn and claim
amount. Moreover, the inclusion of sustainability
considerations in such models is only a first step in
the direction of the introduction of a more

environmental-friendly decision making in what is
normally a very environmental non-friendly
domain.

The findings indicate how ML — when embraced —
could have a significant utility in driving the
economy and environment in the insurance
industry. The efficiency, customer retention, and
sustainability metrics advantages are telling of the
potential long-term value for both insurers and
customers, as well as the environment. However,
more research is required to examine if these models
also hold at a higher level, in different market
conditions and with other data sources.

CONCLUSION:
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The potential of extending such machine learning
methods to the life insurance industry is remarkably
significant both in prediction of client behaviour and
in the exploitation of sustainability of results.
Insurance agencies can deploy predictive models to
improve customer retention, identify and handle
high cost claims, decide if contracts should be
renewed, and operate more efficiently when it
comes to the environment. This study is conducive
to establishing the bridge between data-driven
business decisions and sustainable targets, and
achieves the goal of building a more effective,
customer-oriented and eco-friendly insurance
industry. The findings are not only a timely reminder
for the sector, which is placing greater reliance on
digital technology, of the need to ensure that such
technological advancement is aligned with
environmental responsibility for long-term success.

FUTURESCOPE:

Subsequent steps of this research will be to enhance
more sophisticated machine learning model to the
wide range of issues to be contributed in the life
insurance field such as fraud detection,
underwriting, as well as recommend policy process
on personal basis. Other directions 192 may involve
incorporating emerging technologies such as
blockchains to promote secure data processing and
contracts to achieve more efficient and transparent
operations. In addition, as sustainability is emerging
in the industry, further studies can be conducted to
structurize more integrated models accounting for
ESG (environmental, social, and governance)
drivers toward a more sustainable and resilient life
insurance ecosystem.
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