Journal of Bioinformatics and Artificial Intelligence
By BioTech Journal Group, Singapore 245

Leveraging Al for Predictive Analytics in Insurance

By Dr. Subbarao Mukhopadhyay

Professor of Electrical Engineering, Indian Institute of Technology Delhi (IIT Delhi)

1. Introduction to Predictive Analytics in Insurance

Predictive analytics makes predictions about unknown future events by exploiting patterns
within big data. Predictive models examine patterns found in historical and transactional data
to identify hazards and opportunities. Models aim to determine the likelihood of certain
results. Predictive analytics involves a range of statistical techniques from data mining,
predictive modeling, and machine learning. These statistical techniques isolate trends that
businesses want to act on immediately, as well as predictions that identify risks and
opportunities which businesses want to act on in the future. In the insurance industry,
predictive analytics is typically used in sales, marketing, or underwriting. Used in this way, it
ensures companies do not underprice their products by insuring high risks at lower
premiums, and it reduces fraud by using algorithms to discover unusual patterns in claims

data that are typical of fraud.

The insurance industry provides ample opportunities for predictive analytics due to the core
role of forecasting and risk assessment. Insurance is a basic part of insurance mathematics and
is translated into risk management; it provides the best possible descriptions of future events
based on past and present data. Sophisticated tools and techniques have been developed to
predict future events in insurance. Traditionally, these are based on predictions deriving from
a set of representative outputs. The arrival of big data in insurance coupled with Al has given
a new impetus to the power and pace of predictive analysis tools that can turn data into
insights. These are data-driven insights that allow insurance professionals and key
stakeholders to make informed decisions based on inputs that are both accurate and timely.
Technology continues to shape the way many companies do business, and insurance is no
exception. In fact, many insurers are looking ahead to how they can harness Al in ways that

can enhance everything from internal processes to customer-facing strategies in the future.

1.1. Definition and Importance of Predictive Analytics
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Predictive analysis in relation to insurance concerns utilizes historical data to forecast future
events. Commonly used methodologies are statistical-based activities that project into the
long-term future and machine learning that projects into the near future. As competition in
the insurance sector intensifies and as more big data is produced, organizations are under
greater pressure to minimize riskier candidates insured. To accurately predict bad credit so
that decisions about their applications are made quicker, transforming historical data into
actionable intelligence is increasingly seen as precious by using tools such as scoring and
rating. A well-developed predictive or proposition model would build a pattern of the loan
behavior of an applicant that is predicted to lead to a default, and when applied, especially a
score model can stop the sales team from contracting poor loans shown on their customer

books. Data mining is often known as predictive analytics.

Predictive modeling, on the other hand, is the forecasting of future numbers. The main
objective is to use today’s data to predict future data. Decreasing operational costs is another
advantage of predictive analytics. To define parameters and arrive at better choices, predictive
analytics assists businesses in framing their decisions and employing resources efficiently.
Furthermore, when combined with big data, analytics provide evidence of how numerous
activities have performed in the past. In the context of insurance, predictive analytics

examines historical data for an insurer’s operations to forecast and interpret behaviors.
1.2. Applications in the Insurance Industry

Predictive analytics are being increasingly adopted in the insurance industry. Predominantly,
these have been deployed in the area of claims management for prioritizing cases that need
attention or for early identification of high-cost claims. Several applications have also evolved
in the area of underwriting, such as predicting risks based on behavior or claim history, setting
better premiums using risk-related information, and even for fraud detection. In auto
insurance, insurers use a predictive model to grade various risk factors associated with an
insured driver. The insurance firm then sets a premium based on the aggregated predicted
public requirements. In telematics car insurance, a black box captures various elements of the
vehicle and driving behavior that ultimately help in underwriting by adding new insights to

predict the risk associated with the driving style.
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An area of big interest is to use these predictive insights as a part of the customer-centric
strategy. The predictive insights of a customer’s journey provide personalized services long
before there is a risk or a claim. This could range from adding personalized customer support
in the claim process to risk engineering assessment. A common complementary technology
that insurers are trying to integrate with predictive analytics is IoT. This is evident in the
increasing industry trends in integrating predictive analytics in telematics for auto as well as
industrial insurance, industrial IoT for property and financial lines, and health wearables for
health insurance. Although the applications are profound and vast, implementing predictive
analytics in insurance operations poses various challenges. This is largely because each stage
of the insurance value chain has different ways of using predictive analytics and hence is
handled by different entities in the insurance company. Most models that are implemented
have a strong underwriting focus and are run by advanced underwriting or actuarial
departments, even if they are integrated into an analytics department. Extending this towards
customer service or anti-fraud units has seen slow take-ups. This creates a siloed approach,
impeding data availability and standard data handling for implementation at the corporate

level.

The literature abounds with practical success stories of using predictive analytics for
improving various KPIs. However, the actual implementation possibilities, costs, and
challenges have not been documented well. For some industries and use cases, an analytics-
driven future is not possible in the near term; thus, the business continues to operate in its
traditional lines. Some ways to overcome these limitations are to operationally merge and
prioritize data that can be used in more than one aspect and set up clear governance, training,
and parallel services of ETL. This is to enable the technical dependencies to be reused and
system changes from implementation to be minimal. There are compelling examples of
onboarding and training insurance companies to have a holistic digital transformation
approach through use-case-driven solutions, analytics factory, and change management. The
work in commercial insurance analytics, such as underwriting, offers more B2B solutions, so
most of the practical analytics-focused literature trends towards industry-sponsored project
academic work, texts on commercial insurance, or journal articles with limited industry

relevance.

2. Fundamentals of Machine Learning
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One of the fundamental areas of artificial intelligence is the development of machine learning.
The scope of machine learning includes predictive analytics, which is the primary concern of
an insurance company. In this section, we first lay down the basics of machine learning,
highlighting the philosophical difference between traditional programming and machine
learning. Also, we introduce the primary factors in the training of a machine learning model:
data and an algorithm. More detailed explanations are available on supervised learning as it
is the focus of our empirical analysis. Supervised learning involves algorithms predicting
outcomes based on the observation of input and output pairs in a dataset, i.e., a certain input
generates a certain output. However, the algorithm does not know the logical mapping

between the input and output, and it needs to learn this pattern from historical data.

Both machine learning and predictive analytics draw on multiple methodologies to solve
different types of prediction problems, i.e., regression and classification. We also provide a
brief overview of the most commonly used methodologies in connection to insurance, namely
classical models, decision trees, and neural networks. The concept of a machine learning
algorithm is an abstract notion, covering a range of techniques, each with different properties.
In this vein, a model specified by a given algorithm is trained by adjusting its parameters
based on the analysis of historical data. This operation is achieved through the use of a
training set, representative of potential future observations. The study of appropriate data for
the problem at hand is a crucial bridge between traditional statistical analyses and machine
learning. In apparent advantage of machine learning over classical statistical approaches, it
has been pointed out that the prior elimination of the most relevant variables —a crucial step
to apply a classical regression model, for instance —is unnecessary. Given a large set of data,
a machine learning model can sift through the relationships with the outcomes and find its
own regularities. If anything, the only human intervention needed in a machine learning
problem is in the so-called feature engineering phase, during which the expert can improve
the learning capability by proposing engineered features that make the algorithm’s task easier.
In predictive analytics, customarily, a model is built using two subsets of the available data: a
training set to optimize the model, and a validation set to estimate its precision on fresh

observations. This operation is also referred to as fitting and testing a model.

2.1. Supervised Learning
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2.1. Supervised Learning, a.k.a. learning from labeled datasets, is the most widely used
machine learning technique. As it learns from labeled data, supervised learning requires
historic data of correct outcomes to train a model to then make predictions on new, unseen
datasets. In other words, supervised learning is about modeling the relationship between
input variables and the output variable to predict future outcomes. The way it learns from
labeled data typically leads to prediction outputs that are probabilities of classes, meant for
ranking in terms of risk. Once trained, models can be used to make decisions. Some standard
machine learning algorithms include linear regression and decision trees. The simplest and
most common supervised learning technique is linear regression. Decision tree-based models,
such as Random Forest and Boosting, are also commonly used owing to their mathematical
structure built upon multiple regression models. For classification problems, logistic
regression is used more frequently by insurance practitioners over linear regression owing to

its innate ability to provide normalized outputs and an inherent threshold for ranking.

Using these algorithms, insurers try to understand how likely it is for a new claim to occur or
how likely an individual is to convey risk. Direct correlation-to-return studies using these
techniques can be used to forecast future claim volume. In addition, insurance fraud is, in
most cases, the property of further investigations based on the data inaccuracies in the
policyholder or insured datasets. Therefore, supervised learning is more commonly
applicable in the realm of fraud research. Examples of fraud in insurance range from
suspicious underwriting characteristics, policy application discrepancies, claims at
application or renewal stages, unusual policy lapses, or claims with uncharacteristic reporting
trends. Models can be developed to categorize claims as suspicious or not, which may be used
to prioritize the claims and expedite transactions. The main risk of overfitting and the reliance
on a vast amount of claims data to build the model challenge the adoption of supervised
learning techniques into historical data. Supervised learning could substantially aid in the
underwriting process, selecting the best traits to possess in marketable clients or patterns of
policyholders who are less likely to claim and hence should receive fewer governmental
checks in fraud detection. With more data available and new model auditing tools, the use of

supervised learning techniques is increasing,.

2.2. Unsupervised Learning
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2.2.1. Introduction Unsupervised learning is the second learning method and differs from the
supervised method. It targets labeling unlabeled data. Data must be given in the case of
supervised learning. It makes relationships or captures structure from data where no label is
used. Clustering and association are the two algorithms you will use to conduct these
discoveries on unlabeled data, and their fields of application are also seen, such as in
insurance. Clustering aims to group distinctive fields according to a few simple and scientific
concepts, such as the center of many points or the prototype of a cluster. Many methods have
been developed, such as sorting, Manhattan, cosine, Euclidean, spline, and log. A minimum
cost, also known as the sum of the squares, generally seeks to minimize. It is the relationship
between group and intra-group variation. The different groups are based on a target

assignment attribute.

Associations aim to establish patterns that reveal relationships of dependence or correlation
between goods, such as market baskets, web click data, and store inventory. For cross-sales
and up-sales, web businesses and loyalty cards can be monitored. For glitch prediction, banks
use it, and insurance fraud detection can be applied in insurance. As new customers arrive, it
will better understand customer behavior and possibly response. To index insurance
products, insurance companies can utilize it versus its premiums, its risk, and some
technological parameters for cost. A major problem with unsupervised learning algorithms
like cluster analysis is assessing the performance and quality of model solutions. An open
issue is the use of these techniques for insurance applications, such as insurance product
design, differential marketing, and client portfolio maintenance. Insurance for predictive
analytics can benefit from unsupervised learning methods. It is used to differentiate

customers who can also differ.
3. Machine Learning Models for Forecasting Claims

Claims are a measure of how much money an insurance carrier is paying in loss recovery,
defense costs, and handling fees. Insurers engage in claims forecasting, also known as loss
reserve forecasting, to set aside funds in the present to pay for potential future claims.
Developing a claims forecast model is a significant step to gear up an effective risk
management strategy. Predictive forecasting can enable an insurer to provide more enriched

and refined solutions to the client. Insurance carriers can anticipate an influx of claims and
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can provide a sophisticated set of covers to their clients for upcoming claims. There are
multiple machine learning models currently being used for insurance forecasting. Some of the
algorithm's applications include linear, non-linear, time series, and more methods. This
section will explore some of the machine learning models used exclusively for forecasting

insurance claims.

Among the machine learning models, linear regression is the widely accepted method to
predict future behavior of a given variable by using the historical data associated with the
target variable. Linear regression is a statistical procedure that is used to develop a relation
between one dependent variable and one or more independent variables. In the context of
forecasting in insurance, the dependent variable is the claims value an insurer expects to
receive in the coming year. Independent variables include industry classifications, type of
cover, and size of the account. Decision trees are used in insurance because of their ability to
analyze complex and large datasets. Multiple decision trees form a Random Forest that is used
to mitigate overfitting variation in large datasets by taking a random sample of the data and
fitting many decision trees to that sample. Because the entire dataset is not used, overfitting
is therefore minimized. The Random Forest method is also used when the number of data
dimensions is high, as it considers only a small subset of the data points for each node to be
grown, which is another reason for using the Random Forest. Some companies use customer
segmentation utilizing machine learning as an instrument for operational decision-making.
Insurers, for instance, use Random Forests for estimating a person’s characteristics to generate
predictions about credit, insurance, and the economy in general, i.e., whether they are
profitable or non-profitable customers. Although linear regression is a very useful tool in
predictive analytics, it has some limitations. It is a good method if the independent variable is
habitually distributed, but if not, the normality of the independent variable curves will be
violated. Also, linear regression cannot be applied to data with a Meissner distribution.
Besides its ineffectiveness, it does have some limitations; it can be overly optimistic about the
positive side of the predictions when the independent variable shows a large spread on the x-
axis to the increase in y, which is called heteroscedasticity. Furthermore, if you have ordinal,
interval, or ratio data for a dependent variable, linear regression might not be the best tool to

use.

3.1. Linear Regression
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Linear regression is one of the simplest and foundational machine learning models used for
forecasting in insurance. The underlying algorithm models the relationship between the input
and a target variable based on the weighted sum of their known inputs. Mathematically, a
linear regression model aims to fit a line representing the dependent variable y with respect
to one or more independent variables x to draw a pattern in terms of their predictive
measures. Given this linear relationship, the model can predict the dependent variable value
given the independent variable value. By using historical data with known dependent and
independent variables, the model is trained to make various forecasts in insurance, such as
premium computations, claim frequency, severity, solvency margin requirements, and
premium refunds, among others. Therefore, from the examples given above, we infer that the

primary use of linear regression could be to estimate future claims based on past claims data.

Simple Linear Regression and Multiple Linear Regression (more than one independent
variable) are two key variants of linear regression being used in various real-world
applications. The model built using the linear regression technique is simple to understand
and can be easily implemented in many scenarios. The linear regression model also has
greater interpretability for any business user. That is perhaps the main reason the insurance
industry mainly uses this model. The simplicity of the linear regression model can make
interpretations from the scatter plot. However, the performance of this linear regression
model used in insurance can further be improved for insurance companies by enhancing the
predictive capability of the model, as linear regression models have many limitations due to
the assumptions behind them, such as sensitivity to outliers, the relationship between
independent and dependent variables should be linear, and no or less multicollinearity. If the

data violates such assumptions, the practical utility of the linear regression model will reduce.
3.2. Decision Trees

Decision trees are powerful machine learning models that have been used in forecasting in
the insurance sector. Decision trees consist of nodes that generally include some conditions
based on the features of the data. These conditions or rules allow the model to split the data
into subsets based on their feature values. This process is repeated iteratively, using the

subsets created at each turning point, until it reaches some stopping criteria. One of the main
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advantages of decision trees is that they are very interpretable, as they follow a sequential

path of if-then rules expressed in a tree-like structure.

With claims forecasting, a decision tree can be developed to distinguish between claims that
are likely to reach certain severity thresholds and need further analysis, and claims that most
likely will not meet the threshold. Furthermore, insurers may use a decision tree to assess the
risk level of a potential client. Each node of the tree is a question about one of the
characteristics of the clients, such as age, gender, and lifestyle. At the last node, the risk result
is estimated. A potential challenge with decision trees is overfitting; thus, ensuring the
robustness of decision trees is another important aspect when using them in practice. To deal
with the challenge of overfitting, many techniques have been developed: one example is to
prune the tree after growing a complete or almost complete tree. Additionally, there are
techniques to optimize the development of the tree and therefore to increase its accuracy.
These techniques include growing deep or wide trees and then employing techniques such as
boosting, random forests, and bagging. Such techniques lead to higher accuracy compared to
a single decision tree. Furthermore, the application of decision trees in practice is not limited
to claims forecasting. In direct non-life insurance business, decision trees are commonly used

for customer segmentation and product pricing.
3.3. Random Forest

Random forests are an ensemble learning technique that enhances forecasting by training
several decision trees and then combining their predictions. An individual tree is constructed
using a random sample of the independent variables, usually about 50%, and often a random
subset of cases. Building multiple trees results in an increased aggregate forecast, particularly
if the individual trees are uncorrelated, because the trees will produce less correlated forecast
errors. Additionally, their robustness can be improved as they are usually an improvement
over a single classic decision tree, which is relatively sensitive to the particular arrangement
of its training data. The reason for this sensitivity lies in the fact that a classic decision tree is
prone to overfit the data during the estimation process. Given a set of data including an
outcome and a set of covariates, a classic decision tree tries to find the subset of predictive

variables and rules that best define the outcome.
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For example, if the size category of the building of the insurance policyholder, the building’s
distance to major water, the existence of window bars, and the insured’s profession are found
to predict better than the age, income, or neighborhood of the policyholder, the classic
decision tree will use the building’s size category, distance to major water, existence of
window bars, and profession for the best distinction between policyholders with a high or a
low fire insurance claim frequency. In this way, the tree could, for example, decide that in
rural areas, the amount of fire claims decreases with the increasing size of the buildings, while
this is not the case for buildings in other areas. As a consequence, the size category in relation
to the building’s distance to major water is a predictor unique to rural areas only. In contrast,
the model might come to an entirely different decision for urban areas. This special property
of decision trees to approximate the target for covariate combinations that are less common in
the data at the cost of smoothing out the overall trend causes the phenomenon of overfitting.
Overfitting refers to the model’s overly optimistic ability to generalize. In contrast, random
forests build multiple trees and, on average, are much less affected by the overfitting problem

from individual trees.
4. Machine Learning Models for Risk Assessment

Various machine learning models have been explored to assist in risk assessment in insurance,
which is a crucial process to make informed underwriting decisions and set premiums
according to underlying risk. A commonly used machine learning model to assess risk is a
logistic regression model. Logistic regression produces a predicted probability for a binary
outcome and is useful for evaluating the impact of many variables on the occurrence of binary
events, such as a person buying an insurance policy or experiencing a loss. In the case of a
simple insurance policy where the customer will not experience a loss or will experience a
loss, it is also known as a binomial logistic model. There is another model that is also
commonly used in business problems to predict categorical target variables, that is, support
vector machines. Support vector machines can fit nonlinear classification tasks to complex
relationships and are used in cases where the data to be analyzed are not normally distributed.
Support vector machines may be highly susceptible to overfitting, especially when employed

to determine the hyperplane among different variable classes that lead to a zero error rate.
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Logistic regression is a commonly used tool in the insurance industry to separate different
levels of risk used in the underwriting process. For example, in workers' compensation
insurance, a common application of a logistic model is to evaluate whether a work comp claim
will be filed for an injured employee to help in deciding whether to assign injured employees
to a case manager based on their risk profile. Support vector machine kernels are also utilized
by some insurance companies for the early detection of fraudulent insurance claims in
property insurance. However, while this inherent capability of the support vector machine
algorithm to classify any p-dimensional data points is useful in capturing high cardinality
effects, additional feature transformations via kernels or variable selection are necessary to
generalize the data and avoid overfitting. There are limitations associated with these
approaches, including the assumption of independence across events in binary classification
that the valued features are independent. Availability of adequate quality data is another
factor, as the success of predictive modeling techniques largely depends on data collected,
stored, and efficiently utilized within an insurance company to model pricing and risk

accurately.
4.1. Logistic Regression

In risk assessment models, binary classification tasks are widely used to identify claim/no
claim based on the probability for setting premiums. This type of model is called loss claims
modeling, frequency modeling, 0-1 modeling, or simply binary models. A model that is very
common in this regard is logistic regression. Logistic regression is a data-centric approach that
focuses on the probability of the outcome of interest (or dependent variable) in insurance,
such as a claim (y = 1) or no claim (y = 0). One of the merits of logistic regression is its
capability to be utilized in different industries or areas of focus. In insurance, where the aim
is to predict the occurrence of a predefined event, logistic regression may be a valuable
approach in multiple decision-making situations, like underwriting, cross-selling/up-selling,
identifying fraudulent behaviors, forecasting customer buying behavior, and segmenting

customers based on the likelihood of getting the benefit of a given product or additional sale.

In addition, there are different advantages that come with applying logistic regression to
business decision making, such as ease of interpretation and implementation. However, there

are some limitations associated with logistic regression, too, such as limitations to linearity in
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the log-odds space. The model of logistic regression is an appealing alternative for different
insurance applications with the abilities to conduct real-time decision-making, assumptions
related to claimant resistance points that are estimated using policy and claim features, assess
the point of change in the predicted probability of making a claim for when raising or lowering
the level of an attribute, and determine the average marginal effect, as well. There is a high
probability that an increase in exposure will not occur in making a claim. Nonetheless, a
decrease in exposure increases the probability of claiming. There are three variables that
influence the probability of claim among the model variables, including the level of cover, the
model with a lower incidence of claimants and a higher resistance point when claiming, and
the model that has a shorter history. The probability of the condition of the insured to decrease

the unit of sum insured and premium can be determined using the following equation:

p =e™NP0 + Pixi) / (1 + e (PO + Pixi))

St = p(X) - p(X) is called the adjusted sum insured and the adjusted premium. In order for the
adjusted sum insured and the adjusted premium not to have a significant impact and also to
have a real impact on the level of claims, the corrected sum insured and the adjusted

premiums need to be divided by the exp(BW) value. This results in the following formula:
S=p/ (1.102496"2) - p / (1.102496)
4.2. Support Vector Machines

Support Vector Machines is a method from the mid-1990s and is an example of an advanced
model for classification tasks. This model finds the optimal hyperplane as a separator between
the classes in the feature space by maximizing the margin. SVMs are particularly suited for
high-dimensional data as they make use of the embedded space. With mapped high-
dimensional data, it subsequently tries to separate the data between X and y. SVMs can be
used for classification of the likelihood of claims but can also be used to detect anomalies or

clients that game the system by placing risky investments in insurance products.

The threshold hyperplane is used to classify the data into two groups. A feature of the SVM
model is the use of a loss parameter or C-parameter. Because in practice data is not perfectly
linearly separable along a hyperplane, a trade-off between margin and misclassification error

must be made. Because SVMs can take on relatively complex shapes with non-linear
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constraints and be high-dimensional, the model can be overparameterized and
computationally intensive. This can lead to a potential for overfitting noisy data with many
features. The SVM is conceptually powerful as it can create relatively complex decision
boundaries in high-dimensional spaces. However, simple models often outperform these
complex models. Thus, in many applications involving relatively more structured and clean
data, basic statistical or ML classification models can outperform SVM. Applications in the
insurance industry have successfully implemented binary outcome challenges within their

analysis.
5. Machine Learning Models for Financial Performance

Accurate financial forecasting is an essential component of any business, including the
insurance enterprise. Forecasts offer a glimpse of future performance for executives who are
responsible for sustaining and growing the business model. Time series forecasting uses
mathematical and computational models to forecast future trends based on past data.
Predictive modeling holds the power to deal with risks by analyzing historical data,
identifying patterns, and building predictive models that would enable one to assign a
probability of the occurrence of an event. In this research, we aim to use predictive analytics
to predict future financial performance of the insurance giants by constructing an artificial
neural networks model. ANN is a versatile financial tool that has demonstrated strong
potential to recognize the complex patterns governing financial data. The insurance industry
uses machine learning techniques to build mathematical models; these models have the
potential to predict future claims and therefore profits. It has a two-fold impact on the
company. In terms of financial performance, machine learning can have an impact by
enhancing the predictive accuracy of future financial trends and profitability; reducing the
company’s negative effect. Traditionally, the impact of machine learning on insurance profits
has been about 30 years ago. Running machine learning in addition to the derivative analysis
has been demonstrated. The integration of machine learning into non-life insurance pricing
has been examined. Financial propagations based on the company’s careful analysis of the
insurance fund and the impact on traditional profit assessments have been identified.
Challenges for machine learning and financial performance include response data.

Consequently, suggestions have been made for the insurance companies to install the machine
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learning system promptly in the enterprises and link them into the process of financial

analysis.
5.1. Time Series Forecasting

Time series forecasting is a major component of predictive analytics, which involves using
statistical methodologies to predict future trends in insurance coverage, claims, and premium
growth. It is vital for insurers to forecast future financial trends to set insurance rates, develop
corporate budgets, and develop corporate strategic plans. The most common pattern in time
series data is some form of seasonality that repeats at fixed intervals. There may be known
economic or biological factors that determine the specific pattern, or the causes of the pattern
may be unknown. For example, many insurers have some measure of seasonality in the
enrollment in their dental or vision plans. Some attributes to consider when analyzing
seasonality in an insured portfolio are the overall historical portfolio trends, as well as
benchmarking measures that may provide insight on seasonality. In addition to recurring
cyclical patterns, time series data often displays trends. This is measured by a slope — if the
slope is gradually increasing, the trend is referred to as long-term increasing, while the
opposite is true if the slope is decreasing. The long-term trend can be a product of market
forces, technological innovation, policy and regulation changes, or other external factors. A
decline in auto accident frequency over the past 25 years is an example. Short-term trends can
display high volatility and day-to-day fluctuations; for example, short-term interest rates.
When investigating a time series for a potential trend, it is important to have a large enough
sample size to draw appropriate, supportable conclusions about the pattern. There is
variability in the quality of the information used in time series forecasting models. No matter
the level of effort put into improving data quality, there will always be some inherent
variability left in the data. This will lead to uncertainty around trend estimates, as well as
predictions. Furthermore, the trend can be influenced by a number of factors and may have
fluctuations over time. Executives should ensure that the person or team responsible for the
production and analysis of a trend has knowledge about the business and industry to help
draw insights, logical conclusions, and commentary about it. It is important to validate the
trends and forecasts using business knowledge. Model templates can be a good starting point.
The models should be vetted and customized based on the various exogenous and qualitative

factors that can impact the trend, such as claim frequency, medical inflation, and industry
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employment data. Data quality can also be improved by third-party paid sources or
government statistics. Some of the key models and methods are: ® Simple time series models.
* Exponential smoothing. * Autoregressive integrated moving average models. * Kernel
regression. Some types of ERM applications that leverage time series models include: * Policy
and claim modeling, such as volume trends or claim frequency. ® Cash flow analysis, such as
policy and claim cash flows over time. * Reserving techniques, such as paid or incurred claim
reserves. ® Return forecasts and investment models, such as modeling rating formulas. *

Reinsurance pricing. * Interest rate forecasting.
5.2. Neural Networks

Neural networks are a powerful tool that can be used for data-driven deep learning and can
be used to recognize complex patterns in insurance data. A neural network is a powerful
computational programming model that is designed to simulate or resemble the way the
human brain operates. It is designed to learn from experience, progressively improve
performance, and automatically learn to recognize complex patterns from data. Neural
networks can process vast amounts of information and can always encompass very strong
and complex technologies that have the ability to provide accurate and useful insights. Each
input and output of the network is a numerical value that is connected to the input layer of
variables. In the case of claims cost, the output can be predicted using a large number of
variables, including age, sex, type of policy, etc. Neural networks can also be used for profit
and loss, and premium pricing and optimization by calculating maximum claim costs for
different policies. They are widely used in different branches of the insurance industry, such
as automobile, life, and health. Neural networks are created through a preliminary statistical
study and establishment of indicators. Performance is evaluated using statistical measures of
accuracy, such as the receiver operating characteristic curve. Neural networks require large
training data for model estimation, and there is a risk of overfitting, difficulties in results
interpretation, and an ongoing discussion about the black box. They also facilitate operational
research and strategic planning. Companies can use the output from the model and
implement investment and underwriting strategies for the best benefit. Neural networks are
machine learning algorithms and are used for deep learning, data analysis, and processing
data. The algorithm can use complex strategies to optimize the activities of the insurance

company based on a number of different outputs, such as claim loss cost, the average loss

Journal of Bioinformatics and Artificial Intelligence
Volume 3 Issue 2
Semi Annual Edition | Jul - Dec, 2023
This work is licensed under CC BY-NC-SA 4.0.



https://biotechjournal.org/index.php/jbai
https://biotechjournal.org/index.php/jbai

Journal of Bioinformatics and Artificial Intelligence
By BioTech Journal Group, Singapore 260

ratio, claims development visualization, and loss ratio deviations. This can assist an insurance
company with premium optimization, strategic planning, reserves, and expected losses. These
models are widely used as an evolving new tool for financial modeling, and they can be used

for unique insurance pricing based on the predicted outputs.
6. Challenges and Ethical Considerations in Al for Insurance

Al and big data in finance are not without their own challenges, mainly regarding ethical
considerations and compliance. One such challenge is related to the responsibility of handling
and protecting data. Sharing sensitive data comes with the responsibility of respecting and
valuing that information. Given that the finance sector, especially insurance, stores a plethora
of personal and sensitive information, this information should be handled and shared with
utmost care and caution, hence working alongside existing data protection legislation. Such
policies and measures are essential in enabling market collaboration within industries where
sensitive information is handled. A sensitive data breach could result in credit score declines,
insurance ineligibility, and trading opportunities as a result of insider trading. As a result, any

Al provision for predictive analytics must have security guidelines or regulations.

Artificial intelligence provisions for predictive analytics introduce difficulties such as implicit
bias and, to a larger extent, the importance of fairness in Al algorithms. Over the years, for
instance, Al systems have been found to have designs that reproduce biased data decisions,
especially in natural language, consumer markets, and law enforcement. Given that the model
learns from existing historical data, system builders may unknowingly encode their personal
belief systems and value systems in the data. This would be problematic in the insurance
sector, given that fair AI must be balanced between the welfare of undervaluing and
overvaluing, characterized as unjust, in decision-making processes. It is stated that the use of
Al models exacerbates biases within the insurance industry departments of underwriting and
claims consent. While factors influence an underwriting decision, there is evidence of unfair
pricing processes towards minority social groups. Besides, the application of AI models has
been criticized for perpetuating biased decisions as it undermines alternatives and ideologies
that may lead to more complex yet fair decision-making opportunities. Such criticisms within
machine learning can be considered for waiting for a decision or waiting for better

calculations. To better navigate the aforementioned challenges, the application of Al

Journal of Bioinformatics and Artificial Intelligence
Volume 3 Issue 2
Semi Annual Edition | Jul - Dec, 2023
This work is licensed under CC BY-NC-SA 4.0.



https://biotechjournal.org/index.php/jbai
https://biotechjournal.org/index.php/jbai

Journal of Bioinformatics and Artificial Intelligence
By BioTech Journal Group, Singapore 261

provisions for predictive analytics must work alongside current industry guidance in the
finance sector. Best practices to alleviate some of these concerns will include developing
detailed and more objective explanations of Al results. Insurers and price-comparing websites
should also be clear in their marketing literature about their marketing strategies and trading
model restrictions to add clarity to the following perspective and expectation. Finally,
substantial resources should be utilized to implement the security and durability sections of
data protection legislation, guaranteeing that data protection breaches through hacking are
stopped. As an option to canonical data-sharing analogy, industry leaders should perhaps
consider holding regulatory data in an industry-owned and regulated entity, syncing

centralized data to enable the formation of data alliances.
6.1. Data Privacy and Security

Data privacy and security are of paramount importance when incorporating Al into an Al
solution in insurance. Consumer data contain valuable insights that must be protected from
unauthorized access and exploitation. Any data breach may cause significant direct and
indirect financial and legal losses, including loss of reputation and customer trust. Insurers,
when collecting all customer data, must ensure that it does not violate customer privacy and
satisfy many legal standards and best practices on how to handle this data. An API must be
designed to ensure user data protection. Critical data must be anonymized before being
processed with Al algorithms to guarantee the privacy of customers. In addition to leveraging
new technologies like anonymity and encryption techniques, best practices in IT must be
employed to protect the data: data security operations, application security must test all the
APIs, and the internal security practices adopted must secure the software continuously
against new web application security threats and vulnerabilities. Infrastructure security
measures must secure all the hardware hosting and securing the servers and storage. It is
worth noting that Al solutions can be a source of security threats that should be managed like
any other type of risk, including model vulnerability to attacks like data poisoning, data leaks,
authentication threats, and transfer attacks. Al applicability in insurers must, therefore,
consider these aspects and set up good practices and policies to manage all these threats. As
Al cannot be simply trusted to operate secure data, data breaches can lead to a significant loss

of customer trust and confidence. Data protection and risk management should be an

Journal of Bioinformatics and Artificial Intelligence
Volume 3 Issue 2
Semi Annual Edition | Jul - Dec, 2023
This work is licensed under CC BY-NC-SA 4.0.



https://biotechjournal.org/index.php/jbai
https://biotechjournal.org/index.php/jbai

Journal of Bioinformatics and Artificial Intelligence
By BioTech Journal Group, Singapore 262

integrated part of the Al insurance business model. Insurers should be ready to explain and

justify their approaches to data protection to the authorities, public, and customers.
6.2. Bias and Fairness

6.2 BIASES AND FAIRNESS

Biases in data may lead Al to unfair outcomes. The fairness concept focuses on underwriting
and claims management without self-learning capabilities in services or management.
Recurring bias problems regarding different drivers are also a concern. A recurrent bias
application is sex awareness in insurance pricing, which may track sex bias not only regarding
accidents but also regarding profiling. Complaints also reflect individual biases as they are
frequently related to exceptional cases rather than a per-person unbiased decision. Insufficient

Al securities may also limit consumer trust.

Bias is not just limited to the underwriting process. Claims settlement may also be perceived
as unfair by consumers. For example, when the cause of an accident is attributed to an Al
system, consumers may question the AI system’s ability and could even avoid seeking
assistance. This may have a detrimental effect on the reputation of an insurance provider.
Knowing to what degree Al systems of insurers are trusted by consumers, and their
willingness or unwillingness to share data, is important for insurance providers to evaluate.
Public perception is also relevant to the transparency of Al algorithms. Regarding Al in
insurance, transparency allows understanding not only why an algorithm makes a decision
but also how. If insurers are transparent about Al algorithms, external monitoring systems
can be built to integrate them into the fairness and bias of the algorithms as part of responsible
Al applications. Bias-aware algorithms need to be coupled with a mechanism to verify and

understand the decisions.

Significant steps have been taken toward fairness and generative unfairness, such as
observations, data availability, or acts. Because the same degree between social approach and
content determines exactly whether an Al is fair, no single consensus exists. These
assessments illustrate that the AI is conscious. Model equity has most often been
recommended to assess fairness in queues and policies. A fairness-aware model example was

suggested by one of the earliest studies. It has been shown to have more prediction precision
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with training approaches constrained by race. This strategy is distributed; however, several
technical alternatives have been suggested. Transcript-related events should be used to assess
the fairness of an Al system. A wide variety of events are available using the approach for
large-scale experiments. Al makers, in addition to data datasets, collect additional data

samples across various data.
7. Future Direction

Following are some of the upcoming trends that the insurance industry may adopt in order
to successfully integrate Al and predictive analytics: (i) Autopilot for routine work, whereby
claims processing and premium calculations will be done with the help of algorithms; (ii)
Introduction of an advanced score for underwriting and pricing, which may include a
combination of several tools; (iii) Declining human intervention in decision-making, which is
directly taken over by algorithms, and customer servicing will be done with the help of
chatbots; (iv) Real-time risk assessment and coverage adequacy estimation with the advanced
use of algorithms; and (v) Enlargement of deep learning to learn more, resulting in systems
defining their own architecture. It is expected that Al and machine learning are likely to
continue transforming the insurance industry, either through sales, claims, or back-office
operations. In the future, insurers that leapfrog the early adopters by deploying technologies
in a broader set of use cases and focusing on innovation could differentiate themselves in the
market and outpace the rest of the industry. Leveraging existing technologies would also help
improve customer engagement, enhance operational efficiencies in underwriting and claims,
and achieve better outcomes in the areas of fraud detection, pricing, customer retention,
segmentation, and customer experience. The most important player that will be instrumental
in making these predictions turn into a reality is the traditional insurance organization. The
challenge with adapting such ameliorative Al-based solutions is the resistance from the
workforce, thus creating a gap in skills that is necessary to make proper use of Al for running
the business. The collaboration among technology providers, insurers, and regulators in
establishing and sharing information on good practices can act as a knowledge base, advocate

innovation, and support overcoming the said challenges.

8. Conclusion
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The insights shared in this essay emphasize the potential of data and Al to create financial
uplift in insurance and thereby drive value for stakeholders, customers, and society at large.
The discussed studies shed light on an oft-cited but rarely quantified opportunity to transform
insurance by means of machine learning modeling. The improvement across a wide variety
of use cases, including pricing, underwriting, and risk modeling, makes a strong case for the
use of Alin risk and financial management. Machine learning models are not without concern,
however. They can perpetuate disparities or be less interpretable than traditional models,
while the black-box nature of these algorithms obscures the accuracy and equity of their
predictions and decisions. There is also the overarching concern of consumer data privacy in
the era of Al and one’s right to privacy and consent. In closing, as technology continues to
evolve, we look forward to an era of becoming even more data-driven and leveraging more
advanced Al capabilities to augment human decision-making. Al can and will reshape the
industry landscape and reinvent insurance as we know it, as well as the value it creates for
society. For that to happen, companies will need to continue to innovate. Insurers are
encouraged to embrace the virtual and consumer-driven world by continually reinventing
their risk management approaches in order to drive competitive advantage. The industry’s
future is not tied to the forces of the traditional markets, but rather in the predictive
capabilities it has to price, rate, and assess changing risk. Those who innovate and move
quickly will drive shareholder value. The front-runners are the most responsible, leading with
innovation while addressing moral and ethical considerations. If insurers are to stay ahead in
the industry, they must not only develop Al-driven tools but also chart out ways to ensure

the responsible governance of these technologies in assessing and managing emerging threats.
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