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1. Introduction
This essay is centered around AI-driven customer analytics for competitive advantage 
within the insurance space. In the global insurance world, the volume and variety of 
available customer data are exploding. The perception of the importance of customer 
analytics to competition is high, and superior customer analytics is believed to be among 
the  most  critical  drivers  of  competitive  advantage.  Properly  implemented  analytics 
solutions  can  enhance  the  customer  experience,  facilitate  multiple  policy  sales  and 
renewals, and boost profits. AI technologies provide new avenues for how insurers can 
modernize their traditional practices,  enhance the accessibility of their products,  and 
digitize data operations.

The explosion of data moving to the cloud and streaming from IoT and digital tools 
offers successful insurers the ability to surround and support their policyholders, agents, 
and brokers. The customer is placed at the center of the insurance value chain. Insurers 
can have improved customer experience, personalized products, and low-friction sales 
with real-time usage-based data. Customers, in turn, will experience transparent and 
convenient  claims reporting,  reduced losses,  monitoring,  and the  services  they need 
when they need them - in real time. AI technologies enable instant decision support and 
fully  digital,  real-time  offers.  The  direct  and  strategic  applications  include  a  rapid 
background  check.  AI  can  help  you  inform  responses,  gather  the  correct  details  or 
evidence, ascertain if the fast track fit person is a fraud risk, and match any other case 
studies or claims. Tailor the message and product. Offer add-on product policies and 
value propositions that fit with the claims exposure.
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1.1. Background and Significance
1.1.1. Background and Significance

Customer analytics are a strategic factor for enhancing a firm's marketing, distribution, 
and customer management capabilities. It is hard to find any industry or market that has 
seen the rate of change like the insurance market, driven primarily by technology and 
the  change  in  customer  expectations.  The  access  to  information  and communication 
channels between all market players at an individual and institutional level has become 
all but pervasive in the global marketplace. Rising customer expectations in an ever-
increasingly open information world have seen a shift from product to knowledge or 
information-based selling as a key differentiator. The last decade has changed the face of 
the insurance industry from being informational to simply an intermediary playing a 
role between the customer and the insurance company. As part of this shift, insurance 
companies are moving towards the use of advanced analytics in their marketing and 
sales processes. Unfortunately, customer analysts focus more on product-related data 
than  on  customer  behavior,  needs,  and  profitability.  The  advent  of  AI  promises  to 
advance this further. A few driving forces shaping the field of customer analytics are 
discussed here:

1.  Increase  in  stockpiling  of  unstructured  information  by  established  insurers  as  a 
product of their own evolution, as well as mergers and acquisitions. Additionally, data 
mining in these data assets is increasing customer retention of experienced clients. 2. 
Forward-thinking competition that operates within the new rule set established in the 
insurance market falls into two camps: 1. Young analytic companies that are cluttering 
their business processes and operational data around the use of strategic and diagnostic 
customer analytics. 2. Big business enterprises faced with legacy issues. 3. The strategy-
setting role of customer analytics for these organizations is primarily of two varieties: 1.  
Tactical,  brought  about  both  as  a  result  of  competitive  forces  at  play  and  the 
technological advances that allow for the creation of such analytics. 2. More strategically, 
in advanced and well-developed common law and property businesses. In particular, 
where  customers  can  be  grouped  based  on  their  profitability,  future  potential,  and 
buying behavior, which allows for such market segmentation that strategies can be put 
in  place  to  attract  and  keep  the  customers  that  will  provide  long-term  sustainable 
profits. Coverage required to accommodate this growing demand for customer insights 
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and analytics to take strategic and tactical decision-making is also being referred to in 
the report.

1.2. Research Objectives
Owing to  the  growing  number  of  studies  using  AI  methods  for  customer  analytics 
purposes in the insurance sector and an apparent lack of a uniform conceptualization of 
consumer AI analytics, as well as the generally adverse opinions about the use of AI in 
the industry, we have postulated the following research questions aimed at validating or 
contradicting  the  current  state  of  research  in  this  area,  as  well  as  addressing  the 
challenges insurers cope with.

RQ1: What are the insurance applications where AI analytics can play a major role in 
optimizing  operational  efficiency  and strengthening engagement  with  the  customer? 
RQ2:  Which  product  valuation  approaches  of  AI  modeling  are  judged  as  the  most 
advanced by insurance managers? RQ3: What AI-driven customer analytics methods do 
insurance companies currently use most efficiently? RQ4: What kind of data sources are 
mostly exploited in various customer analytics techniques?

Taking  into  account  the  potential  power  of  AI  analytics,  we  have  also  stated  the 
following research questions to be directed at further research but not answered in this 
study due to the early development stage of AI capabilities.

RQ5: What are the perspectives for the further development of AI-driven customer use? 
RQ6: What are the main challenges in the process of AI customer analytics?

The aim of this paper is to show this issue. Although case studies and industry reports 
have addressed some issues related to AI-based customer analytics, much research and 
synthesis are still missing in this field. Consequently, the objective of this paper is to 
sketch the current state of this problem by providing some preliminary answers to the 
aforementioned  RQs.  There  are  not  many  scientific  publications  on  this  important 
juncture of insurer–customer relations, yet there is a greater interest in this collective 
issue. Furthermore, managers can find no detailed instructions for effective AI customer 
analytics  in industry best-practice reports.  Particularly,  we intend to  fill  this  gap by 
designing  methods  of  effective  measurement  of  the  impact  of  advanced  customer 
analytics powered by AI on operational efficiency and customer relationship goals in the 
insurance sector. With our research, we seek to establish key performance indicators of 
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the success of AI customer analytics powered by newly implemented algorithms. We 
aim to verify the positive impact on a company’s business activities by means of those 
tests.  The  measuring  system  will  be  established  using  four  main  perspectives  for 
calculating  the  company’s  efficiency:  customer  perspective,  financial  scope,  process 
perspective, and learning and growth aspects. The obtained KPIs will then be grouped 
into six main categories: (1) brand management, (2) customer satisfaction rates, (3) data 
innovation  development,  (4)  market  penetration,  (5)  process  improvements,  and  (6) 
resource  savings  accomplished  in  the  company.  This  is  a  solution  to  the  research 
problem of our research question.

2. Foundations of Customer Analytics in Insurance
In general, customer analytics is the method of analyzing and understanding customer 
behavior  in  a  given  business  context  for  taking  specific  marketing  and/or  risk 
management actions. In insurance, customer analytics has its roots in actuarial science 
and marketing,  and has  evolved into a  more focused health and lifestyle  campaign. 
Modern customer analytics has been powered by the advent of big data, reflecting rich 
and  sometimes  messy  data  available  to  insurers  along  with  ever-developing 
methodologies. Although these new capabilities have been accompanied by challenges, 
the 'classic' analytical approaches and findings remain useful and informative tools for 
the business process. On the other hand, machine learning methods have transformed 
the traditional quantitative analytical techniques by observing, selecting, and processing 
more 'primitive' (or 'brute force') determinants.

Recent  works  show the  emerging customer  engagement  strategies  of  using some of 
these  AI-driven  capabilities  in  the  realms  of  customer  marketing  and  health 
management. Machine learning methods replace traditional predictive models that can 
only depict  predefined functions outside the analyzed data and produce suboptimal 
predictive power. The enterprise-level interaction analysis further helps to match the 
expectations  available  from  modeling  or  business  operating  processes  and  suggests 
further refinement for future improvements. To allow for a deeper understanding and 
increase engagement  between our  'model-based'  and 'pragmatist'  stakeholders,  some 
basic  definitions  are  introduced  here.  Pattern  analytes  reflect  data  analysis  while 
prediction  analytes  reflect  the  analytics  design.  Histories  refer  to  past  data  while 
sampling is a data frame that encompasses experiment design, statistics, and simulations 
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of the insurance position. In finance, it also considers enterprise and contagion effects 
and is categorized as market value predictions, dynamic policy value prediction, risk, 
and  economic  captives.  Overall,  the  pillars  of  'what'  and  'how'  incorporate  these 
concepts by juxtaposing data patterns and predictions.

2.1. Traditional Methods vs. AI-Driven Approaches
Traditional customer and claims analytics in the insurance industry typically relied on 
relatively simple techniques with low predictive accuracy. These can include rule-based 
systems,  percentages,  averages,  and standard valuations.  More advanced techniques, 
such as regression analysis, Bayesian networks, neural networks, and clustering, require 
the formal definition of the problem and constructing a complete model. They are good 
for understanding the underlying process and are more suitable for researching specific 
markets for a particular product. Such modeling requires investment in programming, 
infrastructure, and time and does not have the same level of accuracy as compared to 
today’s machine learning and deep learning models in the areas of predictive modeling, 
recommendation  systems,  and  fraud  detection.  As  customer  need  for  speed, 
transparency, and personalized content grows, a change in analytical methodologies is 
required to better understand and serve customers who put digital first with agility.

Reasons for completing a project for AI-driven insurance analytics can be mainly driven 
by a radical change in the business environment, as a response to customer requirements 
and competitor activities, approach to products or customer segmentation, but also more 
fundamental  reasons,  such  as  changes  in  process  management  or  organizational 
strategy. Although our focus is not primarily on machine learning algorithms and how 
they work, but rather on their use, a brief description of how AI differs in processing 
data can help to understand its main advantage. Rules-based engines or expert systems 
are written by human experts who dictate the relationship between inputs and outputs, 
whereas machine learning models are trained from data to learn these relationships as 
well  as  to  classify,  cluster,  predict  an  outcome,  or  forecast.  In  addition,  extracting 
knowledge  from  such  large  amounts  of  data  in  real  time  is  time-consuming  using 
traditional means. The main advantage of AI analytics is that it provides a much faster 
and  more  intelligent  insight  into  data,  thus  revolutionizing  the  informational  value 
chain in customer analytics, offering these on a self-serve basis at scale. The business 
objectives for expanding the processes of utilizing addressable data are: "To optimize 
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operational  and  strategic  decision  making  in  insurance  and  create  a  unique  value 
proposition," "To generate higher customer value and stay ahead in the digital value 
chain," "To utilize digital capabilities to redefine underwriting and claims estimation."

2.2. Key Concepts in Machine Learning
Globally,  many  different  application  fields  can  be  distinguished,  which  deal  with 
customer  analytics  and machine  learning  in  the  context  of  insurance.  The  aim is  to 
provide  an  in-depth  analysis  of  developments  and  activities  in  customer  analytics, 
particularly in personal lines of insurance. To understand the papers, we introduce the 
most  important  concepts  and  related  terminology.  Subsequently,  the  landscape  of 
application papers is placed into a broader context together with fundamental concepts 
of  modeling,  machine  learning,  and  the  practice  of  risk  capital.  More  precisely,  the 
sections describe 1) key concepts of machine learning with a focus on different learning 
types; 2) features and data; 3) modeling; and 4) big data.

Machine learning starts with data. Features are the columns in these data sets and input 
into  a  model,  which are  used to  make a  prediction about  a  customer  characteristic. 
Typical features include customer age, number of claims, or sum insured. The precise 
statistical meaning of a feature, however, is not mandatory: columns such as post code, 
preferred language, or number of child seats for car customers are also recognized as 
features.  Modeling:  machine learning is  a  process  that  learns from historical  data to 
predict the future. The prediction is made with the help of so-called models. A model 
can be thought of as a mathematical black box that transforms features into predictions. 
Depending on the learning type, models are trained by different algorithms. Ensuring 
that  a model can successfully be applied is a crucial  and complex task,  which often 
necessitates tuning of different algorithms or model-specific so-called hyperparameters. 
There  are  other  core  aspects  such as  bias,  fairness,  and interpretability,  which have 
become  important  when  using  machine  learning  models.  Machine  learning  has  the 
power to analyze vast data sets and highlight potentially actionable insights. However, 
identifying the right model in specific application settings can be a challenge, as models 
may become outdated in  changing environments.  Ongoing model  development  and 
adaptation is an important part of the lifecycle of machine learning applications.
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3. Data Collection and Preprocessing
In  insurance,  active  experience  with  a  customer  can  provide  a  great  deal  of  data. 
However,  customer-centric  models  are  based  on  various  types  of  data,  including 
personal information, contracts, and claims. Comprehensive analyses require data from 
various sources, such as internal company records, data from other group divisions, or 
data from the company’s sales and claims employees. The results of models based on 
different types of data supplement each other. In addition, a detailed database about 
insurance and damages is often required or necessary to enable the comparison of a 
customer  or  contract  of  interest  with  appropriate  other  contracts.  Usually,  such 
databases are purchased from a specialized provider and can be combined with internal 
data for analysis.

The results obtained from various studies show that customer analytics are applied to 
structured as well as unstructured data. While some researchers focus exclusively on 
structured data from a CRM system or damage management database, others consider 
unstructured  data.  Various  studies  include  publicly  available  data  from  offline  and 
online  customer  interactions,  such  as  complaints,  comments,  or  customer  ratings. 
However, in practice, internal analyses typically use a range of structured databases, 
such  as  customer  management,  finance,  and  accounting  systems,  or  even  external 
databases that provide more information about a customer. The major challenge of data 
acquisition  is  the  unavailability  of  some  data  or,  for  some  periods  of  time,  certain 
reasons. Ensuring data quality and safety also poses challenges. Once a data basis is 
available,  preprocessing to obtain a  high-quality dataset  for  AI modeling is  of  great 
importance. Proper preprocessing improves model accuracy and operational efficiency.

Data Collection To facilitate analytics that improve customer experience for insurers, 
data is required to generate models based on customer analytics. A variety of structured 
as well as unstructured customer and insurance data can be collected with a focus on 
insurance  claims  as  well  as  contractual  information,  containing  customer-related 
demographics,  satisfaction, sub-verified, segmented based on importance or anger of 
first statement, potential years working together, variations in response and decision-
making times, or between elderly and non-elderly, situation-related as well as damage-
related features, referring to the placed inquiry, detailed damage information, including 
information on objects and people covered and not covered by insurance, damage in the 
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occurrence of prior damage, damage in aggravation, expenses without a sub denying 
performance,  given  statements  of  the  process,  fault  requirement,  opinions  on  why 
damage has occurred, and how it should be resolved.

3.1. Types of Data Sources
Customer analytics  in insurance are based on a large body of  data that  is  stored in 
companies' databases or can be acquired from different sources. Insurance companies 
can leverage both their internal and external data sources to gain customer insights.  
Internal data accumulates during the insurance application process and throughout the 
sale and claim relationships between insurers and policyholders. It is often structured 
and  includes  standard  foundations  like  policyholder  personal  data  and  information 
about holders of interest, constraints, behavior, or claims history. External data consists 
of personal, professional, and social data of policyholders that exist elsewhere within 
and outside insurers, or data that reveal associations. This data is often unstructured and 
may include information from service interactions and overt moves by policyholders 
over the phone, via mobile, internet shopping, or social networks.

The quality and richness of customer insights improve with the integration of different 
data sources. For instance, structured data capture at acceptance is mainly done by hand 
over  the  phone,  internet,  in  branch,  or  via  post.  Additionally,  the  integration  of 
electronic telephone voice recordings, unstructured social media messages, and personal 
mobile  phone metadata  is  key to  new insurance-style  data  analytics.  Sequential  and 
simultaneous  interactions  captured  reveal  additional  associations  and  other  links 
between behavior, preferences, and interests, providing a competitive advantage to the 
organization. However, when data are derived from different sources, there are several 
issues concerning access and consent from the provider, checks of data quality, and how 
best  to  integrate  them  to  fit  together  and  work  coherently  for  both  insurer  and 
policyholder. Generally, the longer the period of data capture and the fewer the number 
of sources, the price for analytics goes down, but customer insights become increasingly 
out of date and less sharp. More current data can reveal the current state of customer 
behaviors and highlight pressure points in call centers to enable improved service and 
added value offers, increasing customer satisfaction and profitability.
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3.2. Data Cleaning and Transformation Techniques
Data cleaning is  a  critical  step in the data preprocessing pipeline.  The data cleaning 
process includes but is not limited to misspellings, cross-references, duplicate removal, 
and the de-duplication of records. Several techniques and methods are used for data 
preprocessing, including the removal of missing values, as well as the substitution of 
missing  values  with  the  coarsened,  average,  or  most  frequent  value.  In  addition, 
methods for outlier detection and the recoding of categorical variables are used for data 
imputation,  such  as  Label  Encoding  and  One-Hot  Encoding.  Transformations 
standardize data by converting different numerical measures to a common scale and 
normalize data, shifting features to the origin and scaling two of the L1 norm, L2 norm, 
and max norm aspects.

Additionally, methods such as K-NN imputation and MICE imputation are available for 
removing missing data. Both methods and tools for data preprocessing are useful. The 
best option depends on the issue and how much data is missing. Data quality problems 
and poor data preprocessing techniques can seriously undermine the performance of the 
final model. Data preprocessing also involves the selection of highly predictive variables 
with the purpose of data dimensionality reduction and model training and optimization. 
Random Forest,  Boruta,  and Recursive  Feature  Elimination are  widely  used for  this 
purpose. All the techniques and tools mentioned emphasize the dire consequences of 
poor data processing and handling. Check how high the data quality was before and 
after the cleaning, and weigh in on how many good examples and bad examples we 
have for customer analysis.  Data mining software and packages allow us to identify 
numerous errors and discrepancies in the original dataset, which created bad data in 
insurance.  The  more  meticulously  the  dataset  is  cleaned,  the  more  high-quality 
information it provides, and the lower the level of bad data.

4. Machine Learning Models for Customer Analytics
Machine learning is gaining popularity in various industries, including insurance. When 
developing  or  improving  customer  analytics  functionality,  many  insurers  turn  to 
machine learning techniques. The proposed division of ML methods into classes might 
be based on the data type used. If there is knowledge about historical outcomes, the 
supervised learning models could be utilized.  Otherwise,  one can anonymize all  the 
data, so decisions can be made on the cluster profiles, in which case we would have an 
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unsupervised  learning  model-based  approach.  According  to  this  distinction,  it  is 
essential to clarify that there are both supervised and unsupervised machine learning 
models in customer analytics, and there are entirely different sets of models for them.

Supervised learning models are constructed with data, outcomes, expected or historical 
dependent variables, labels, or, more technically, response variables. These are utilized 
together  for  learning  pattern  recognition  that  links  the  explanatory  variables  to  the 
outcome. These could range from traditional regression systems, such as polynomial 
regression, decision trees, random forests, neural networks, gradient boosting, support 
vector machines, and others. These models will allow businesses to uncover potential 
patterns, such as the propensity to buy, engage, churn, or maintain. Thus, insurers, in 
case of churn, want to see which customers are at risk of leaving. In the case of risk 
modeling, they would want to know the potential frequency or magnitude of the event 
happening.  In  cases  where  businesses  want  to  categorize  customers  into  groups  or 
clusters based on similarities within the data, techniques such as K-means clustering, 
hierarchical clustering, and self-organizing maps are used. Model effectiveness depends 
on several factors, such as the underlying assumption and the actual model being built. 
The decision on the choice of supervised machine learning model for the solution is 
based simply on the classification task's requirements. Selecting these models is based 
on the comparative power of the data. Even the tuning and selection of these complex 
systems have become fairly straightforward in open-source environments.

4.1. Supervised vs. Unsupervised Learning
Supervised  vs.  unsupervised  learning.  The  field  of  customer  analytics  for  insurance 
operates  with  two main learning paradigms:  supervised and unsupervised learning. 
Supervised learning involves  learning a  model  from labeled observations  where the 
value of one or more responses serves as a guide for assigning a score or label or making 
a future prediction. In customer analytics, supervised learning has been broadly used in 
risk assessment, such as predicting policyholder retention, cross-selling, and upselling, 
as well as claim prediction based on historical data. On the other hand, unsupervised 
learning has no response variables and aims to find the underlying structure of the data 
through pattern discovery. Unsupervised learning is regarded as the part of customer 
analytics that most directly deals with customer behavior; it can be used to determine 
customer  segments  or  to  find  trends  across  customers  sharing  common  behaviors. 
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Though contemporary analytics expertise requires a mix of domain knowledge, machine 
learning algorithms, and internal intuition to build predictive models, the final choice of 
whether to use supervised or unsupervised learning techniques will depend mainly on 
the mission and the field of the task at hand.

The  response  of  using  supervised  versus  unsupervised  learning  methods  is  not  yet 
available  due  to  the  different  data  needs  of  customer  analytics  in  insurance, 
predominantly  in  the  domain  of  unsupervised  learning.  By  applying  unsupervised 
learning methods in the domain, insurers have already segmented policyholders into 
small groups or clusters having similar intentions and would likely respond better to 
product features, which should ease the task of generalization for the predictive models. 
A proper business needs assessment or a thorough understanding of the data context is 
proposed  before  beginning  more  analytical  work  with  either  unsupervised  or 
supervised learning techniques. While properly labeled data facilitates effective model 
creation, successful model training is imperative to the effectiveness and reverse impact 
of  the  model  on the  business  outcomes under  consideration.  Therefore,  insurers  are 
likely to benefit from a review of potential signals or labeled data sources necessary to 
enhance the predictive accuracy or capabilities of a model. In this domain, both extrinsic 
and intrinsic environments can make a significant difference, a point that brings into 
focus the choice of data that will enable stronger results.

4.2. Commonly Used Algorithms in Insurance Analytics
The  most  commonly  used  algorithms  in  the  field  of  insurance  analytics  serve  for 
predictive modeling and can be classified into classical and advanced ones. To create 
predictive models, the classical techniques use a variety of algorithms, with the most 
frequently used ones being linear regression, logistic regression, and decision trees. The 
potential improvement in accuracy brought forward by advanced techniques is usually 
counterweighted by increased efforts put into the model development. For example, the 
gradual improvement motivates moving from decision trees to random forests or from 
random forests to more complex ensemble learning methods. The choice of an algorithm 
highly  depends  on  the  data  characteristics  and  the  business  goal.  However,  most 
advanced algorithms intensively use decision trees, which is understandable since these 
are reliable and easy-to-use methods. The classical regression algorithms are many times 
replaced by other advanced algorithms, especially if the data have nonlinearities.
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Linear regression is significantly used in premium assessment, in underwriting for price 
optimization,  in  developing  retention  strategies  based  on  assessment  of  premium 
balance and the policyholder's risk profile, and in reserving. Logistic regression also has 
applications in scoring and in fraud detection, like in the case of customer selection. The 
incentive for using ensemble learning methods such as random forests is to improve the 
accuracy  and  robustness  of  the  prediction  models.  Random  forests  are  found 
predominantly in underwriting for predicting losses, in motor insurance for predicting 
the following-year loss costs, customer retention strategies, and fraud detection models. 
The algorithms used in a predictive model also depend on the class of the predictive 
model  itself,  with  classification  algorithms  that  classify  customers  into  classes  or 
segments for risk assessment and pricing employing some specific tools or regression 
algorithms utilized to calculate the loss costs of the clients.

In motor insurance, the structure of the developed pricing model heavily depends on the 
characteristics  of  the  portfolio.  Over  the  years,  the  industry  trend  in  underwriting 
predictive power has started to diminish. Once the entire industry starts to use a certain 
model in pricing the risk, the predictive power of such variables will then be diluted. 
Analysis  of the variables can be seen as a variety of distribution tables of displayed 
regression  tree  behavior,  which  will  help  to  identify  predictor  and  non-predictor 
variables.  On the contrary,  analysis  of  selected variables  can help in  fine-tuning the 
model. An analysis is performed on the predictor and non-predictor variables based on 
displayed  regression  tree  and  also  on  potential  advanced  algorithms.  Further 
development generally takes place through updates using...

5. Applications of AI-Driven Customer Analytics in Insurance
Customer Analytics Use Cases in Insurance

AI-driven  customer  analytics  can  be  applied  in  various  insurance  areas,  enabling 
insurers to create a unique experience for the customers, thus improving their loyalty, 
sales, and efficiency. The Internet of Things, AI, and big data are reshaping the current 
insurance landscape, yielding customer-oriented approaches in insurance. AI is a game-
changer in insurance. In this section, we present five areas of applications of AI-driven 
customer analytics and provide illustrative examples.
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Risk  assessment:  Dynamic  pricing  and  underwriting  are  developing  vital  aspects 
outside traditional risk assessment functions in insurance. Personal, usage-based, and 
real-time premium pricing are critical to improving premiums or creating new products. 
Many companies have adopted usage-based insurance pricing to carefully select  soft 
factor variables by user factors. Customer segmentation: Each individual customer holds 
a unique set of attributes, underlying business relationships, and patterns, which have 
direct  implications  for  various KPIs.  Predictive analytics:  Predictive  analytics  can be 
extracted to generate actionable insights, protect research investments, serve as an early 
prevention strategy with a potential advantage for all stakeholders, or provide a better 
and faster understanding of the development pipeline costs and timelines. Predictive 
analytics is a powerful tool and potentially an option holder value accelerator. Claiming 
and  fraud  prevention  can  enhance  existing  methods  and  power  existing  claims 
initiatives  by  enabling  a  wide  range  of  uses  from  data  discovery  to  claims  impact 
evaluation. Dynamic marketing: AI tools can help prevent fraudulent activities. Fraud 
management, fraud prevention tools, and machine learning can assist in identifying new 
crimes and risks in the insurance sector. Claims management and validation: Several 
insurance  companies  have  incorporated  AI  into  their  claims  systems,  powered  by 
enhanced data and advanced analytics technologies. The outcome is an improved claims 
management  process  that  minimizes  losses,  detects  fraudulent  activities,  and  offers 
more automated, personalized, and efficient claims services for the clients. These include 
solutions  such  as  instant  payments,  quick  declarations,  self-assessments,  and  more. 
Claim fraud detection: A digital transformation of motor insurance claims management 
operations  is  underway,  starting  with  a  fraud detection and prevention solution.  In 
addition to operating claims for its car insurance brands and handling reactive fraud 
detection processes,  additional  benefits  include  roadside  assistance,  travel  insurance, 
and home start services. It will leverage an AI-driven fraud detection system to improve 
the detection of potentially fraudulent insurance claims and enhance claims handling 
efficiency.  In  addition  to  coordinating  insurance  claims  for  car  insurance  brands, 
additional benefits such as roadside assistance, travel insurance, and home start services 
are also provided.

5.1. Risk Assessment and Underwriting
Risk Assessment & Underwriting
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Adopting  innovative  customer  analytics  in  the  underwriting  and  risk  assessment 
provides insurers with the ability to gain a more accurate view of their customer’s risk 
profile  by automating the otherwise time-consuming tasks  of  underwriters.  Machine 
learning  algorithms  have  proven  to  analyze  unstructured  data  such  as  customer 
responses through forms and documents, public data, or images of property to assess a 
multitude of risk factors and make accurate predictions of customer risk. In turn, this 
changes the traditional underwriting process from a stringently rule-based one to one of 
predictive analytics. In an environment as complex and dynamic as weather, integrating 
underwriting with data-driven analytics has been shown to elevate the user’s experience 
and increase the overall profitability of the company. Driven by years of local weather 
data, including 150 billion observations yearly, the concept of Risk Location is rethought 
and  incorporated  into  NatCat  events  identification,  as  well  as  in  the  assessment  of 
hailstorm damages on an ad-hoc basis to complete the property cat pricing.

Machine learning algorithms are frequently trained on large volumes of claims-related 
data to  identify  risk and correlate  potential  future claims with individual  customers 
through  the  estimation  of  their  propensity  to  suffer  from  a  loss.  By  predicting  the 
number,  severity,  and  costs  of  future  claims,  underwriters  are  enabled  to  improve 
pricing  strategies  and  customer  service.  A  significant  reduction  in  loss  ratio  was 
reported due to the introduction of an AI-driven pricing algorithm. One of the largest 
reinsurance companies  released a system that  estimates propensity-to-claim and risk 
scores  on  the  property  and  casualty  retail  insurance  market.  It  comes  as  different 
services that estimate the likelihood of injuries, property damages, and medical costs 
associated with the claim. Potential claim savings using a machine learning approach are 
estimated to be up to 20%. A company earned 51 million dollars over three years after 
successfully implementing machine learning algorithms. Increased levels of automation 
within the underwriting division led to a loss improvement with a combined ratio of 
99.7% in 2018 compared to 102.8% in 2016. Two ML models were established: a pricing 
engine for the tenanted property owner and a personal cyber product.

It  is  vital  to  recognize  that  using  global  weather  data  feeds  will  lead  insurers  to 
suboptimal results, as weather events affect potential catastrophic risk on a very small 
scale of the insured properties. To ensure smooth, successful implementation, the model 
must  be  retrained  and  provide  live  assessments  as  the  risk  landscape  continues  to 
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evolve.  These  models  rely  on  continuous  learning  techniques  to  improve  the 
assessment's predictive capabilities throughout their lifecycle. Ensuring compliance with 
new  regulations  and  data  interpretation,  however,  continues  to  be  the  domain’s 
challenge.  To address this,  several providers establish frameworks where predictions 
and risk assessments are backed by logic, allowing underwriters to understand and act 
upon a model's risk findings. In addition, to fend off attacks on models provided by AI, 
data bunkering is an emerging liability shift framework.

5.2. Customer Segmentation and Targeted Marketing
Customer Segmentation and Targeted Marketing More and more insurance products 
and services are becoming commoditized. This makes customer segmentation critical as 
dissimilar  groups  of  customers  should  be  targeted  with  distinct  sets  of  marketing 
content  that  appeal  to  their  behavior,  preferences,  and  risk  profiles.  Enhanced 
segmentation  will  also  enable  insurers  to  offer  better-targeted  insurance  products, 
improving insurer-customer relationships and the insurer's ROI by selling additional or 
enhanced  products  to  existing  customers,  increasing  premiums  from  higher-value 
customers, proactively engaging risky customers, and reducing acquisition costs. Many 
commonly  used methodologies  focus  on  customer  lifetime value  as  a  percentage  of 
premiums to attract better clients based on lower claims costs rather than seeking new 
revenue growth.  Segmentation defines the audiences  to  be targeted,  so  decisions  on 
what products to sell and how to price them are vital in any go-to-market strategy. The 
first step in targeted marketing is to identify the subgroups of current customers who 
are most likely to want what is being sold since the costs are initially lower. By using 
clustering  and predictive  modeling,  groups  of  customers  with  high  expected  future 
value can be defined. A new marketing campaign can then be tailored to attempt to 
convert  this  subgroup into likely up-sellers,  and the message is  tested to see if  it  is 
compelling.  In  the  insurance  domain,  marketing  programs  must  be  aligned  with 
vendors given the high claims that vendors must have policy/program control of their 
employees for them to be properly executed. When executed well, targeted marketing 
has  succeeded  in  reducing  costs,  targeting  underpenetrated  marketplaces,  and 
increasing customer satisfaction and/or cross-sell or up-sell insurance business.
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6. Challenges and Ethical Considerations
Many challenges arise in the context of analytics in insurance. Regarding the increasing 
accumulation  and  value  of  customer  data,  ethical  considerations  with  regard  to 
customer  data,  purpose  specification,  and  data  protection  arise.  In  accordance  with 
underlying  regulatory  data  protection  requirements,  insurers  have  to  ensure  that 
customer data are used and stored according to the respective regulation. Customers’ 
personal  information  should  not  be  disclosed  or  used  for  other  purposes  than  the 
underlying contract or similar use without prior explicit consent. Especially health and 
financial  data  belong  to  the  highest  confidentiality  level.  Unauthorized  access  to 
financial and health records might harm a customer for the rest of their life. Appropriate 
technical  and  organizational  measures  have  to  be  ensured  by  insurance  companies. 
Another challenge is presented by algorithmic bias, potentially amplifying inequity if 
founded in biased data sets.  It  leads to  unfair  decisions  or  mispredictions,  reducing 
diverse favorable risk selection and cross-subsidies to the disadvantage of less favored 
groups.  While  data-driven fair  machine  learning algorithms mitigate  unfair  decision 
outcomes, fair representation of different groups has to be balanced with the losses in 
predictive modeling. Despite these challenges, potential ethical dilemmas further arise 
regarding the justified or legitimate exercise of information advantage, extending from 
coercive  risk  pricing  to  assistive  alignment  of  mutual  insurer  interest.  Nevertheless, 
leveraging  analytics,  particularly  customer  behavior,  may  further  ethical  and  social 
considerations  to  enable  improved  consumer  insurance  choice,  reduced  lack  of 
diversification, and to assist and speed up claims resolution through greater accuracy. In 
light  of  data  privacy  and  security,  societies  need  to  balance  and  integrate  non-
hierarchical  ethical  considerations  underlying  data  minimization  with  the  positive 
impacts  and  potential  fallouts  from  the  accumulating  value  of  the  data  provided. 
Combining the development of analytics with ethical and societal considerations will be 
required to ensure a balanced approach combining technological  advancements with 
relevant societal and ethical considerations.

6.1. Data Privacy and Security
Data privacy and security are an essential part of using customer data for AI-driven 
analytics in insurance. Modern analytics often require sensitive data—for instance, to 
improve recommendation systems or fraud detection. However, the general public is 
increasingly  worried  about  private  data  breaches  in  which  sensitive  personal 
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information  is  leaked,  leading  to  both  financial  and  social  damage  for  the  affected 
parties.  Keeping unaware  users  safe  from being included in  sensitive  data  analytics 
against their will is becoming an important goal, mainly because there is a notable lack 
of trustworthy legal incentives in place regarding the use of sensitive data. While current 
law may declare the right to  information,  to privacy,  and to security guarantees for 
sensitive data, these rights may be limited when it comes to balancing the scale of social  
benefit in AI-driven analytics with potential financial and social threats.

Key regulations  regarding  the  use  of  personalized  customer  data  today  include  the 
General  Data  Protection  Regulation  and  the  California  Consumer  Privacy  Act. 
Implementing compliance with these regulations, however, is not trivial since it imposes 
significant  constraints  on  machine  learning  practices  that  aim  to  produce  open  and 
interpretable models when analyzing customer data. Therefore, the increased focus on 
building fair and transparent models introduces a new area of development in AI for 
customer data analysis.  Techniques that  provide black-box transparency,  algorithmic 
bias  reduction,  and  privacy-preserving  data  analysis  are  important  for  AI-driven 
organizations that wish to perform data analytics at scale while maintaining in-house 
model architecture and data privacy policies. An integrated suite of explainable AI and 
privacy-enhanced  techniques  is  essential  for  AI  utilization  in  real-world  businesses. 
Financial  and  insurance  companies  adhere  to  strict  data  protection  laws  and  face 
significant loss of trust with their customers in the event of a data breach. Even non-
compliance can be a cause of brand damage and financial penalties. Therefore, ensuring 
data privacy is an ethical concern.

6.2. Algorithmic Bias and Fairness
Introduction One of the most crucial issues in AI-driven customer analytics is fairness 
and the risk of algorithmic bias. Biased data can lead to discriminatory outcomes and 
impact vulnerable customer segments differently. Customer analytics driven by AI are 
primarily  focused on predictive  modeling.  Bias  may occur  at  different  stages  of  the 
analytics process, including exploration and data preprocessing, model selection, and 
evaluation.  There  is  a  growing  number  of  approaches  to  the  definition  of  fairness, 
starting with formal axiomatic definitions to practical, process-oriented descriptions of 
fairness by comparison to observational base rates. Most of these definitions have an 
implicit concept of "similar individuals," who are treated differently, meaning that if two 
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similar individuals receive different treatments or pricing offers, this is an indication of 
bias.

In  the  insurance  sector,  where  risk-based  pricing,  in  contrast  to  classical  price 
discrimination,  depending on  consumer  willingness  to  pay is  practiced,  the  fairness 
discussion is somewhat simplified. The focus lies predominantly on ensuring equitable 
treatment for different demographic groups or ensuring that behavioral data does not 
function  as  a  discriminatory  attribute.  Ultimately,  the  goal  is  to  develop  unbiased 
algorithms that will  contribute to differentiating pricing or treatment on the basis of 
objective and actuarial criteria only. In order to help organizations operationalize and 
integrate fairness in the analytics process, multiple guidelines and tools were developed. 
Most of these tools that aim to identify and mitigate bias are various frameworks for 
tracking  outcomes  and  population  diversity  between  different  demographic  groups. 
Techniques used for bias evaluation can help separate biased training data from biased 
models.  However,  deployed  biased  machine  learning  models  may  also  result  in 
reputational  damage,  customer  distrust,  and,  as  a  result,  potentially  negative 
consequences for a company. Thus, it is a moral imperative for society and companies to 
carefully consider algorithmic bias and aim for full transparency and accountability.

7. Future Direction
The development of technology will continue to influence potential future directions for 
AI-driven  customer  analytics  in  the  insurance  industry,  albeit  with  significant 
developments  occurring,  narrowing  the  initial  gap  of  voice  recognition  models  or 
natural  language  processing  models.  Continuous  social  changes  and  technological 
advancements will directly influence companies’ CRM and customer value ratio. The 
transformation of the services themselves and the increased role of AI support indicate 
that insurance companies are directly oriented towards creating products and services 
tailored to customers.

To align the proposed model with current technological trends, insurance companies 
should reflect anticipated changes in the customer analytics sphere that could influence 
a change in an organization’s strategy in the future. Today’s issues and challenges could 
become  the  future’s  mainstream  edge  or  challenge.  Likewise,  improvements  in  the 
monitoring and provision of security, increasing the efficiency of the offered solutions, 
especially since AI can significantly reduce the human element, and the consequences of 
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forecasts  can  slow  down  existing  trends.  However,  such  trends,  regardless  of  the 
sometimes  negative  connotations  for  the  interests  of  individual  entities,  are  also 
challenging, motivating the continuous development of businesses,  technological and 
organizational processes, and improving the quality of services and products to enhance 
the competitiveness of companies in specific market sectors and around the world in 
general. In addition, the next challenges refer to issues unsolvable without AI support, 
focusing  on  the  further  personalization  of  services  and  improving  the  efficiency  of 
customer  service  in  the  context  of  new  initiatives  and  actions,  influenced  by  the 
evolution of the expectations of increasing technological  maturity.  This will  facilitate 
interactions and provide comprehensive support from accessing or customizing smart 
contracts to more efficient sales and policy valuation. The most interesting emerging 
direction concerns AI support to improve operations in cybersecurity to exclude specific 
attack scenarios or minimize them. This will increase the trust of the broad public in 
resolving long-term conflicts  related to processes in the sphere of personal data and 
smart devices. New marketing activities of insurance institutions will accompany these 
actions  to  win  customer  trust  for  these  technologies.  New  customer  interaction 
approaches would require the integration of AI with other technologies that currently 
only remotely affect the insurance sector, such as blockchains and the Internet of Things. 
The inspiration for the development of such research was the emphasis on the creation 
of collaborative data ecosystems for the insurance industry to increase its innovation 
power. Ultimately, all the benefits generated by the AI-based services would need to 
address the legal  and ethical  responsibilities  for the use of  intelligent smart  contract 
systems, which are under the control of one or more insurance companies.

8. Conclusion
In  this  paper,  we  have  discussed  the  use  of  AI-driven  customer  analytics  in 
contemporary insurance. The objective was to investigate how advanced analytics, and 
indeed AI technologies, are transforming decision-making and operational processes in 
the insurance market. In addition, we looked at the challenges and ethical considerations 
addressed by the scientific community in adopting advanced analytics in insurance. We 
found that AI-driven customer analytics provide a transformative lens that can drive 
informed  decision-making  and  enhance  operational  efficiency:  a  necessity  in  the 
competitive  insurance  sector.  We  noted  that  the  current  insurance  market  does  not 
present a competitive differential at strategic decision-making. Therefore, the adoption 
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of a customer-centric approach through AI-driven customer analytics has the potential 
to provide an advantage over traditional approaches, which drive operating efficiency, 
manage risk and respond to regulatory challenges.

We,  therefore,  found  that  to  stay  competitive  in  a  crowded  market,  insurers  and 
underwriters  alike  must  prioritize  the  use  of  AI,  machine  learning,  and big  data  as 
complementary analytical techniques. On a closing note, we summarized that while AI-
driven customer analytics  in  insurance  has  the  potential  to  generate  value,  it  is  not 
without its challenges. Throughout the paper, we explored questions of sanction, trust, 
customer privacy, and the potential for perpetuating bias. Challenges and ethical and 
legal considerations at the forefront of consumer analytics include designing clear legal 
frameworks  and  complying  with  international  and  national  data  protection  laws, 
processes,  and  conventions,  building  trust,  and  ensuring  fairness  and  reduced 
discrimination  in  algorithmic  models.  Research  into  these  types  of  challenges  is 
growing, and this paper has sought to illustrate how value can be generated through 
further  research.  We  found  that  while  we  may  never  definitively  be  able  to  test  a 
reasoning AI, because their process is encapsulated in a black box, we should still aim to 
learn  from  evolving  customer  analytics  in  the  insurance  industry  to  build  adaptive 
models of consumer risk. More research may be performed in this area to compare the 
performance of different modeling methodologies for high-integrity decisions. Lastly, 
our  findings  reiterate  that  operationalizing  AI  technologies  should  be  a  relatively 
balanced  approach:  one  that  considers  the  business  investment  and  technological 
integration  as  well  as  the  ethical  standards  and  principles  of  a  market  desirous  of 
consumer  trust.  To  focus  solely  on  technology  would  be  to  misunderstand  the 
interrelationship of these elements.
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