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ABSTRACT

The integration of machine learning (ML) techniques into actuarial science is
transforming the landscape of life and health insurance by enhancing predictive
analytics, underwriting processes, and policy pricing models. This paper explores
the potential of machine learning to revolutionize actuarial practices, offering
improved accuracy, efficiency, and scalability. Traditional actuarial methods,
which rely heavily on historical data and statistical models, are increasingly
supplemented by ML algorithms capable of analyzing vast and complex datasets,
uncovering hidden patterns, and making real-time predictions. By harnessing
advanced ML techniques such as supervised learning, neural networks, and natural
language processing, insurers can refine risk assessment models, optimize policy
pricing, and personalize underwriting decisions. The paper also discusses the
implications of these advancements for actuarial professionals, including the shift
toward more data-driven, automated workflows, and the ethical considerations
surrounding data privacy and algorithmic bias. Ultimately, ML-powered actuarial
science promises to usher in a new era of precision in risk management and a more
dynamic approach to insurance operations, benefiting both insurers and
policyholders alike.

1. Introduction

The integration of machine learning in actuarial science has the power to profoundly transform
how risks are underwritten and how policies are priced in life and health insurance. These
techniques are expected to bring more dynamic and personalized underwriting strategies and to
lead to a more granular pricing of risks. In view of that promise, current practices and future trends
are analyzed, while examining the challenges to be met and the impacts expected on life and health
carriers’ pricing analytics and actuarial work. Over the past years, life and health insurance
underwriting and pricing have seen a set of well-known technological advancements generating a
soaring availability of data and an increased predictive power of models. This evolution could
logically pave the way for advanced analytics, but adjusting current pricing practices to complex
machine learning models remains a challenge for carriers.

The machine learning revolution in actuarial science is thus there to be monitored, as it is meant
to transform — sometimes even deeply — insurance pricing models. From a statistical viewpoint,
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the reconcilement between traditional GLMs and complex tree- or neural-based models still has to
be entirely written. These discussions define a framework that is particularly relevant now that all
the actors — insurers, reinsurers, regulators —are looking to identify and assess the potential impacts
of machine learning applications. Besides, current practices are also analyzed concerning the
machine learning methodologies used by carriers in their pricing models and the specific points
they pay attention to when communicating or monitoring these models. This part notably tackles
the notion of model interpretability, which is a growing challenge and should be questioned in
actuarial guidelines concerning the production and the review of machine learning based pricing
models.
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Fig 1: Machine Learning are Transforming Actuarial Science

1.1. Background of Actuarial Science Actuarial science undertakes an analytical approach
towards long-term financial planning and the management of risks. The discipline dates back to as
early as the year 1000, when options were first documented in Babylonian contracts detailing
background risks. In light of the risks these merchants faced, actuarial science was developed in
1654 in London, when probability and interest were first combined and used in the pricing of life
annuities. Work such as this produced the list of probabilities widely known as mortality tables,
and practices established with the pricing of life annuities can be seen as the rudimentary form of
life insurance as it is known today. The unprecedented growth of the insurance industry over the
following centuries necessitated more intricate actuarial modeling and statistical understanding of
risks, eventually leading to the emergence of the modern-day field. In short, the development and
practice of actuarial science is deeply rooted in risk assessment, statistical analysis and financial
forecasting.

In insurance companies, actuaries are responsible for managing financial risk of claims, both in
terms of defining the types of risks the company wants to cover and at what cost they are willing
to cover these risks. Premiums are set so that the projected claims, given the covered risk, can
cover operating costs, level of investment expected income and make a profit, usually within legal
constraints. Actuaries actively participate in the decisions of which risks to cover and at what price.
Along with the rapidly increasing importance of insured systems, obligations, and liabilities in the
widest range of applications, it is more important than ever for actuaries to accurately assess the
financial health of covered transactions. Over the past decades actuarial science has proven
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invaluable to step over the bounds of individual entrepreneurial activity and field of activity, first
through adopting the Keynesian innovation of pioneering innovative risk financing mechanisms,
later on with the employment and stimulation of highly developed mathematical models.

Equ 1: Random Forest Model for Underwriting (Ensemble Learning)

Where:

¢ Y is the peedicted outcome {e.q., risk score or claim probability)

1
A ]_ o h{X)isthe prediction from the t-th decision tree
T : : ¢ T is the total number of trees in the forest
t

o X represents the input features

1.2. Evolution of Machine Learning in Insurance Although machine learning has recently
become popular, it is of way older date, with Samuel’s artificial intelligence (AI) programs able to
play a better game of checkers than he could before 1962. Insurance companies have started using
machine learning models for a variety of different applications, even before high-resolution data
became that easily available. However, the computational power constraints experienced a couple
of years ago did not allow the use of highly complex predictive modeling tools based on algorithms
that require extensive computations. This is why statistical models were preferred instead of more
advanced machine learning techniques. Nevertheless, the recent advancements in computational
power have made machine learning and tree-based models in particular a common choice in the
insurance industry with significant improvements for those who have adopted this technology. A
broad range of studies now see insurance companies explaining the tariff plan instead of simply
releasing it. Insurers are using tree-based machine learning models to rank different statistics based
on their impact on the pricing model. Also, insurers are constructing complex interactive models
by combining explanatory information on factor impacts from tree-based models. By unveiling the
insights gained by insurers in the tariff setting process through tree-based machine learning
models, this paper attempts to address the current gap in the available literature. Additionally, a
novel methodology is presented that relates the tree-based models to popularly accepted insurance
pricing models in an expedited fashion while circumventing the need for a full parameterization
of the tree models. Machine learning algorithms are increasingly being used in insurance to model
frequency and severity, assess risk, and predict claims. With the increased focus on the use of
machine learning in insurance pricing and reserving purposes, the need to understand the model
results and ensure models are not unfairly biased has never been more important. Amid COVID-
19, the FDIC has continued to see an increase in the use of alternative data sources and the use of
non-traditional underwriting methods, such as machine learning and Al. As institutions consider
the use of alternative data sources and machine learning in their underwriting models, it is crucial
that these models are transparent and can be reviewed to ensure controls are in place to limit unfair
treatment of applicants.

2. Theoretical Framework

This article investigates one of the prime tasks of actuaries; assessing and pricing risks. Theoretical
concepts that are basic for understanding the current practices in both the actuarial and the machine
learning field are set out first. Given that the article’s main audience is actuarial researchers, the
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presentation of machine learning refers to the modeling techniques used in the case studies. A
comprehensive overview of all existing machine learning models would be beyond the scope of
this article. Then the synergy of both fields is illustrated through a few representative examples.
Traditional concepts of actuarial science relating directly to the assessment and management of
risk are laid out. As such, concepts such as risk, affordability, equivalence, pooling, experience
rating, risk class and insurance system are introduced. Traditionally, actuaries deal with risk
assessment and management in insurance underwriting and policy pricing. However, discussing
the whole process in a competitive insurance market involves some macroeconomic and regulatory
aspects that go beyond the actuarial view and hence are left aside. Actuarial science is thus brought
down to the micro level of the insurer. Then a review of the various risk assessment models built
and updated by insurers is given. Nevertheless, while illustrating actuarial risk assessment and
pricing models, separately built stochastic and deterministic models are discussed. This contrasts
with the current market practices, as it is widely accepted that combining both leads to better results
in terms of profitability, risk selection, solvency and fairness. Finally, the issue of the growing use
of machine learning by insurers is discussed with its implications for actuarial practice. In order to
understand it, beyond being aware of the black box issue, which will be addressed later, actuaries
must be acquainted with the most common machine learning algorithms and their applicability in
insurance. Halfway between statistics and artificial intelligence, machine learning covers a wide
range of algorithms, methods and techniques. The most used techniques by insurers and which are
the discussion focus here are ensemble methods, and specifically: random forests, gradient boosted
decision trees, extreme gradient boosted decision trees, and their regularized versions.

2.1. Actuarial Science Principles Actuarial science is a discipline that applies mathematical and
statistical methods to assess financial risks in order to maintain the financial sustainability of
insurance products. The historical principles of actuarial science are deemed vital in helping
insurers to evaluate risks behind policyholders and set fair premiums. Insurance is all about the
evaluation of risk to provide compensation against it. All the risks within the scope of policy
coverage are agreed in the policy contract. But evaluation of the risk itself is uncertain. A fair
premium is required to cover expected claim costs and other expenses, including the determination
of the expected values of these uncertain future costs, with extra margins added to ensure financial
sustainability. As a protection to both the policyholders and the policy providers, the contract must
be set up fairly, the so-called actuarial equivalence.

At the core of the mathematical foundations of life and health insurance is the concept of multi
peril mortality rates. Risk pooling is the idea that by merging the uncertain losses of many
policyholders, the resulting average loss per policyholder decreases. The increasing death rates
with age lead to the establishment of the actuary profession. Actuarial aging is the transformation
of random future lifetime into deterministic future lifetime. The establishment of a financially
sound life insurance company by setting a life table containing the distribution of future lifetime
is the process of calculation of annuities. The construction of tables relating future widowhood and
divorce rates is the financial DHCM. For Atw finite, setting aside the case of accidents, male
mortality dominates female mortality at every age. For Atw infinite, on the other hand, there exists
a threshold at age o, for which male mortality dominates female mortality for ages before » and
vice versa for ages after ®. A fair price policy will be a barter trade where the future random losses
are exchanged before their realization. The Lehmer property was handy for the establishment of
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accurately projected future widowing rates, leading to the construction of ®. Characterization of
® was made casier with the transformation of bidecadal future widowhood rates into a calendar
table.
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Fig 2: Actuarial Science

2.2. Machine Learning Algorithms and Techniques Machine learning (ML) is an umbrella term
for a family of algorithms that learn patterns from sample data to improve their error or accuracy.
These algorithms are particularly interesting for the insurance sector, where they can automate and
generalize processes that would otherwise require expertise and experience. Insurance
underwriting is the acceptable class of risks, based on guidelines produced by underwriters.
Insurance pricing is the practice of setting prices for insurance services. In the life and health
insurance subsectors, the mortality and morbidity risk are the most important, so understanding
the insured’s health is crucial for underwriting. Unfortunately, this information is not available to
the insurer in the right granularity. However, it leaves traces that can be analyzed, such as the
number and type of doctor visits. Pricing becomes more challenging due to the large variety of
products available. VVarying the characteristics introduces different levels of risk into the insurance
pool. Jointly, underwriting and pricing policies deeply influence the policies perpetration and have
a broader impact on social welfare. The number of lives with life and health policies is ten times
greater than the number of non-life covers, causing the former to be burdensome to both the state
and the insured. Machine learning algorithms have the ability to analyze datasets thousands of
times larger than traditional actuarial tools. They can find patterns in data that can inform a set of
guidelines. This can be extended to the underwriting and pricing proposals, as well as to their
understanding. An analysis is conducted on how the implementation of several machine learning
algorithms, suggested guidelines, changes in the claim data, or pricing can affect some
macroeconomic indicators of welfare. The framework allows for the comparison of distinct
underwriting and pricing suggestions based on the solutions. Population variables are to
understand how those choices interact with economic and social aspects. As a result, the
framework intends to support the explainer and rationalize the choices currently made regarding
the underwriting pricing field.

3. Applications of Machine Learning in Underwriting

Underwriting, the process of assessing risk prior to policy issuance, plays a core role in the
insurance industry. And it historically depends on actuarial tables often manually-driven. Within
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the underwriting process, transformative potential is seen in machine learning with data-based
algorithms. The underwriting progress is being streamlined and the decisions become more precise
as a wide variety of learning algorithms, comparison methods, and data sources. Machine learning
is about making data-driven predictions or decisions based on applying algorithms that learn their
pattern of the data.

Machine learning has various applications in underwriting. The first of these is risk assessment.
Life insurance underwriting considers medical history, family medical history, risky behaviors,
dangerous hobbies and jobs, and driving records. And when it comes to health, medical
malpractice, and long-term care, the standards become even more complex and detailed. It means
there are a number of opportunities to decrease the error that can be made here, and actuaries have
had a lot of success in doing so with the advent of machine learning. The process can be made
more accurate, and relying on misleading proxy variables can be avoided. An example of a subfield
within risk assessment is that of fraud detection in underwriting. This mechanism of fraud
detection is generally predictive, looking for patterns indicative of deceiving the insurer. Fraud
prediction comes in one of three tastes: settler (ex-ante), provider (during the policy term), and
payer (post-claim).

Customer segmentation and pricing is another area where actuarial and underwriting practices
within the insurance industry have much to gain from predictive analytics. Innovative products
and premium rates are required to mitigate such risks in an industry where undesirable selection is
a perennial problem, and those who price and segment risk accurately will be best poised to provide
the attractive deals. Customer segmentation is important here because an insurer can tailor the
policy type and premium of a customer in accordance with their predicted probability of loss. The
companies that are winning customers are more likely to remain competitive because they retain
capital that others lost to payout as claim benefits.

Fig 3: Applications of Machine Learning Actuarial Science

3.1. Risk Assessment and Selection  The algorithmic approaches of the fourth industrial
revolution are likely to make an impact on many modern professions and jobs in the upcoming
decade. Professionals such as accountants, lawyers, and pharmacists, as well as architects,
insurance underwriters, generally operational staff, medical research staff, and likewise industrial
manufacturing employees had relatively little worries about their job security. In particular, the
problem of actuarial science might be relevant as often this profession is reckoned as an example
of a high degree of skill and expertise, complex math for handling big data, survival-benefit models
with potential for external digital transformation, and which also has legal side as legally
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admissible explanation is required for the conclusion of the end product calculated.
Notwithstanding that, algorithmic decision making is sharply underway in the discipline of
actuarial science. Modern underwriting boot camp is presented where algorithmic machine
learning approaches to augment the huge amount of varying data available and prevent a step down
approach in price competition, loss of capability to handle complex cases, and hence losing a
rational level pricing of the policies, even up to failure and bankruptcy.

The application by evident domestic insurers and recent technological developments signify the
expansion of it, as the general purpose of the underwriting process to provide an examination of
the risks being reassured is highly aimed to effect the analysis of only temporally and structurally
obtainable risks. Subsection 4.1 is dedicated to the Risk Assessment and Selection within the
context of the underwriting process, which is holding the risk analysis base of multi-step actuarial
calculations, classified in the most important actuarial bases by the risks’ duration. An Array of
actuarial metrics that quantify the goodness of the loss size prediction of emerged risks are used,
discrete and continuous since modern underwriting risk selection refers to the decision-making,
executed exploiting the examination results and predictions obtained through the algorithmic
machine learning models, giving the spark to the eventual legislative alterations to hold the
invulnerable areas of the profession.

3.2. Fraud Detection In recent years machine learning has become an essential tool for data
analysis across many industries. It can help automate and optimize many of the processes
associated with everyday operations and inform better decisions. Life and health insurance market
IS no exception. Many insurers have transitioned to machine learning-powered actuarial backbones
that help manage a business from underwriting risks to policy pricing. They automate initial risk
assessment by processing large amounts of historical data on the client and the type of insurance
being applied. Insurance policies are automatically graded, renewals are offered to clients or their
old policies are adjusted. Some claim decisions have also been moved to machine learning
algorithms that can estimate the chances of different outcomes and decide on the best course of
action. This machine learning-driven environment is designed to assist the human underwriting
staff by providing necessary information faster and more accurately .

One of the machine learning-powered actuarial parts of life and health insurers that were slow to
move to machine learning-driven automatic calculations is insurance underwriting. It’s considered
the financial analysis and valuation of the risk associated with a potential client. It relies on the
calculation of individual prices and the specification of terms and conditions to close the deal.
Underwriting utilizes the client onboarding data and the historical claims data to make an
assessment. Human underwriters can quickly check for any inconsistencies or readily identify
fraudulent activity. They can also turn down deals based on their experience and intuition that the
machine learning algorithm may not be able to flag. Throughout the discussion, recommendations
are made to combine the best aspects of both the machine learning-backed underwriting and the
old school approach to ensure the best client experience. Underwriting process is also affected by
other parts of the market around it - both suppliers and consumers.
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Equ 2: Neural Network for Claim Prediction (Artificial Neural Network)
Where
o Y is the predicted output (e.g., claim probability, premium).
» X is the input vector of features
o Wy, Wy are weight matrices for the layers

o by, by are bias terms for the layers
Y = f(Wa- f(Wy-X + b))+ by) e

. f is the activation function (.. ReLU, sigmi id)

4. Enhanced Policy Pricing Strategies

Machine learning advancements allow improved customer and policy pricing and underwriting
strategies for life and health insurance. Among other changes to the status quo, it allows for the
idea of dynamic pricing to enter life and health insurance policies. The customer's life expectancy
changes and so does the cost for the insurance provider. Dynamic pricing models enable insurance
companies to adapt their premium calculation based on real-time data analysis of risk
combinations, medical state of the insured, changes to policy conditions, and many other factors
that are involved. Fixed pricing policies of today, on the other hand, rely on generalized estimates
of the future and do not allow providers to successfully compete. The life insurance company will
be able to reach an agreement with its health insurance counterpart and offer personalized prices
for the customer, according to the analysis of their risk profiles, combined with their own
preferences. Indeed, a client in good shape can achieve a ‘safe-driver’ status and significantly
reduce their total insurance costs, while still keeping the individualized conditions of the contract.
As a result, customers receive the fair price for their policy that is always up to date with current
personal conditions and insurer’s strategy, improving satisfaction and potential for retention. In
response to the fluctuating market conditions and the constant changes in the policy holder’s life,
the pricing market algorithm is continuously re-optimized. An insurer can, therefore, stay on top
of the competition and adapt their policies to maximize the profit.

Fig 4: Pricing Models

4.1. Dynamic Pricing Models Life and health insurance are major business lines in the global
insurance industry with a high value for policyholders, as they bring financial security to people’s
lives. Life insurance secures dependents financially by managing risks and is a crucial part of
financial planning for individuals and business firms. Health insurance protects individuals and
families from sudden medical costs and encourages lower-cost care in the intended healthcare
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system, thereby stabilizing financial health. The core of life and health insurance is underwriting
and policy pricing. With the advance of machine learning technologies, insurance practitioners are
leveraging actuarial science to optimize pricing strategy and underwriting, creating favorable
scenarios for policyholders while maintaining the insurer’s financial viability. The underwriting
process assesses risks and determines if and on what terms coverage should be provided to the
applicant. As underwriting is an essential process for selling an insurance policy in the realm of
adverse selection, the insurer must have a solid underwriting guideline. Pricing a policy determines
how much premium will be charged to transfer risk. It is vital that the proposed premium covers
the expected loss and provides a sufficient addition to account for the insurer’s costs and desired
profit, with the competition also considered. Moreover, as pricing innovation may bring a
competitive advantage, insurers are pushing the boundaries of it. The actuarial modeling of
insurance markets has gone through revolutionary changes within the last decade. Actuaries now
make use of models that deal with high-dimensional data and take advantage of big data
technology. However, the application of the most recent models has been hampered by slow
adoption by regulatory authorities and academia, which has slowed the transmission of best
practices to the entire professional community. This paper argues that machine learning-powered
actuarial models help in setting adequate premiums and guidelines by investigating dynamic
pricing models widely adopted by insurers.

4.2. Personalized Premiums Since the emergence of actuarial science, risk exposure has been
quantified in insurance on a group basis, which led to the establishment of a fixed tariff system.
Premiums were calculated by determining the portfolio’s average risk and setting prices
accordingly. Personal risk assessments through machine learning analytics are now reaching life
and health insurance. Consequently, the possibility of calculating premiums that more accurately
reflect the customer’s individual risk profile is growing. Personalized insurance premiums have
the potential to offer customers more precise coverage adapted to each situation. A personalized
premium would ensure that the price aligns with individual circumstances and would thus increase
the satisfaction of the insured, as research has indicated. In life and health insurance, the arrival of
cloud computing and the increased attention to individualized risk assessment supported by Al
will increase the use of customer behavior analysis in pricing. The collection and processing of
individual data is expected to lead to important changes in policy pricing. Acting in a competitive
market is a fundamental part of a business strategy. There are good reasons to believe that
companies will increasingly use Al to extract information from markets and thereby offer better
insurance prices to customers. Along with the potential advantages related to knowledge of the
market and the need to retain policyholders, the use of machine learning-powered actuarial science
in insurance pricing also poses some questions about ethics. To establish a transparent and fair
approach to pricing is an ongoing issue for both the culture of the company and the regulators.

5. Challenges and Limitations

Machine learning is making a significant impact on the role and function of actuarial science as it
pertains to underwriting and policy pricing in life and health insurance. Advances in algorithms
and data collection have led to the development and adoption of machine learning models
throughout insurance companies, including being used for purposes of underwriting risk
classification, ratemaking, and pricing recommendation systems. The fast pace of development
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has regulators considering updated standards and best practices. These challenges follow the
profession groundswell in its interest and use of machine learning.

Yet the leap from design to implementation of machine learning poses a unique dilemma for
actuaries: confidence in its use and deployment requires a level of interpretation and explainability
that might not be directly compatible with the cutting-edge techniques actuaries seek to employ.
Imagine going to an analyst for help, but the entire thought process is permanently hidden. This is
the growing dilemma in risk classification using black-box models and machine learning.
Developments in actuarial science build trust between stakeholders through control, regulatory
adherence, and reasoning. However, the most successful machine learning models often excel
because of their complexity or vast features, which may lead to ‘black box’ scenarios that cannot
be easily understood or even explained. Amid growing privacy and ethical concerns about the use
of personal data in machine learning models, the practical use of these models is even more
scrutinized, raising additional questions for insurance companies. There are growing calls for clear
regulatory frameworks to govern the ethical use of machine learning in the practice area of
underwriting. It is clear that actuaries must navigate this evolving landscape with ongoing
education and training to ensure understanding, proper use, and compliance with current standards.
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Fig 5: Challenges in Data Analytics Implementation

5.1. Interpretability and Explainability Model transparency and interpretability are increasingly
important topics under machine learning methods, especially in the field of actuarial science. It is
particularly challenging in some cases to interpret the outputs of machine learning models,
especially when they are based on more complex algorithms. Uncertainty and precaution for
decisions to be taken can be increased by the lack of understanding and recognition of information
generated from these. Knowledge-extraction tools can help model interpretation, but the most
relevant ones are not free. Since using a box-stacking method enriches the main model and uses a
leave-pair-out approach to estimate the effects of the enriched forms, the model retrain on the full
set of variables every time a possibly enriched model is present reduces accuracy. There can be no
solution that is suitable in all circumstances when it comes to balancing the opacity against the
stability and accuracy of the model. Therefore, it is nevertheless necessary to pay particular
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attention to the following aspects: the model used is kept as simple as possible and the
interpretation of the model variables is meaningful, decisions taken on the basis of black-box
models are properly understood and justified, additional sophisticated methods supporting the
interpretation of the model outputs are applied. To further enhance actuarial predictive analysis
models used by machine learning, insurance actuaries are increasingly interested in the field of
model interpretability. The increasing popularity of advanced machine learning methods, such as
boosting algorithms and forests of random trees which are generally considered black box models,
has brought an upsurge in statistical research on model interpretability. Complex and non-linear
models are widely used here to optimize the policy. At the same time, from an actuarial point of
view, it is crucial to be able to understand and justify proposed changes. A trusted model is a
transparent model, as both stakeholders and regulators can precisely observe and so judge the
fairness and the accuracy of it. It is possible to bring increased restrictions, and perhaps a growing
expectation of transparency on the models that insurers fit to their data. Defensive decisions can
call for straight forward models which are thus easy to argue as they scrutinize and communicate
the sources of their predictive power. It is rightly asked that models be understandable to their
user. An independent expert, whether an auditor or inspector, will normally examine the reasoning
behind a decision. It is necessary to also explain how a computer model makes a decision. Model
transparency is all the more important, as it is getting crucial to verify that outside actions against
a mathematical model are consistent and, in the absence of explicit explanation for a decision, that
same mathematical model is believed. This paper emphasizes the importance of a well-perceived
trusted model in a world where data-based decisions are made with black-box algorithms.
Moreover, a literature review on the issue of the interpretability and transparency of models, as
well as some applications related to life and health insurance underwriting of such models have
been displayed.

5.2. Data Privacy and Ethical Concerns Life and health insurers have begun to utilize talented
in-house data scientists as well as partnerships with insurtechs to capitalize on the data-driven
benefits of ML technologies. Meeting the statistical reliability standard involves accurately
predicting mortality, morbidity, and health care utilization using credible actuarial methodologies.
The first part provides a summary of the analytics toolbox for modern underwriting and policy
pricing, demonstrating that actuarial science is swiftly evolving into a machine learning realm.
This development enables both the pricing of life and health insurance policies for high-mortality-
risk individuals and the underwriting of such policies in selected cases, as these ML models are
theoretically compliant with statistical reliability standards. A second discussion on ML
interpretation defines the scope of statistical decision theory in the interpretation of predictive
models and relates it to the concept of model trust in a consumer-driven context. Smaller insurers
may lose competitive data advantages to other insurers and integrators. Successful collaborations
should be built on appropriate principles, and ethical concerns and guidelines should be developed.

However, an important aspect of these new ML applications in the insurance context is under-
investigated, that is, the sufficient economic and actuarial review, with an ethical perspective, of
what new EU policies on data collection, storage and processing practices of consumer-related
personal data by life and health insurers should be. This evidence is provided by this article. This
article is divided into two main sections.
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Equ 3: Support Vector Machine for Risk Classification

Where:

e X is the feature vector.

f(.X} = T_L‘T_X + b * w is the weight vector.

X 1 ¢ b is the bias term.
g = sign(f(X))

* ;i the predicted class label (e.g., low risk, high risk).

6. Conclusion

The impact of machine learning (ML) in actuarial science to underwriting and policy pricing is
discussed. With the growing use of machine learning methods and the boost of the available data,
actuaries can achieve the ultimate goal of the insurance industry: make correct decisions when
evaluating the associated risks and based on this decide the relevant policy prices to ensure its
sustainability. After setting the context where traditional actuarial methods evolve towards more
and more complex ML, the improvement offered in underwriting and policy pricing are presented.
A fast expansion, over the last few years, of ML applications in the evaluation of risks and the
definition of tariffs involving both the life and health insurance businesses is observed. When these
applications target risks with significant amounts of data to analyze (e.g., personal and macro-
economic features for health risks), insured lives can benefit from improved accuracy and fairer
decisions for applications between insured with similar observable risks. Decision-making
processes of insurers and reinsurers become more efficient, allowing them to handle the
understaffing of resources in their underwriting departments with increased activity and naive
analyses done at the cost of simple rule-based engines softened by the ability of sophisticated
analytics to handle a wider range of non-traditional features. Commercial solutions based on
fingerprint recognition to manage potential fraudulent claims are engaged with information
entirely unrelated to the aspects of the claim that would traditionally be analyzed. Still, other
applications in the health business seek the detection of instances never previously observed, such
as rare diseases or new medical products.

$1.527
| I I I I

2020 20214 2022 2023 2024 2025 2026 2027 2028 2029 2030
® Public Private

Fig : Al for Insurance Underwriting Market Trends

3407 |Page



Machine Learning-Powered Actuarial Science: Revolutionizing Underwriting and Policy Pricing for
&EE]PH Enhanced Predictive Analytics in Life and Health Insurance
@ SEEJPH Volume XXV, 2024, ISSN: 2197-5248; Posted:12-12-24

7. References

[1] S. Chitta, V. K. Yandrapalli and S. Sharma, "Advancing Histopathological Image
Analysis: A Combined EfficientNetB7 and ViT-S16 Model for Precise Breast Cancer
Detection,” 2024 OPJU International Technology Conference (OTCON) on Smart
Computing for Innovation and Advancement in Industry 4.0, Raigarh, India, 2024, pp. 1-
6, doi: 10.1109/0TCON60325.2024.10687939.

[2] Ravi Kumar Vankayalapati , Chandrashekar Pandugula , Venkata Krishna Azith
Teja Ganti , Ghatoth Mishra. (2022). Al-Powered Self-Healing Cloud Infrastructures: A
Paradigm For Autonomous Fault Recovery. Migration Letters, 19(6), 1173-1187.
Retrieved from https://migrationletters.com/index.php/ml/article/view/11498

[3] Annapareddy, V. N., & Rani, P. S. Al and ML Applications in RealTime Energy
Monitoring and Optimization for Residential Solar Power Systems.

[4] Venkata Bhardwaj Komaragiri. (2024). Generative Al-Powered Service Operating
Systems: A Comprehensive Study of Neural Network Applications for Intelligent Data
Management and Service Optimization . Journal of Computational Analysis and
Applications (JoCAAA), 33(08), 1841-1856. Retrieved from
https://eudoxuspress.com/index.php/pub/article/view/1861

[5] Srinivas Rao Challa. (2023). The Role of Artificial Intelligence in Wealth
Advisory: Enhancing Personalized Investment Strategies Through DataDriven
Decision Making. International Journal of Finance (IJFIN), 36(6), 26—46.

[6] S. Chitta, V. K. Yandrapalli and S. Sharma, "Advancing Histopathological Image
Analysis: A Combined EfficientNetB7 and ViT-S16 Model for Precise Breast Cancer
Detection,” 2024 OPJU International Technology Conference (OTCON) on Smart
Computing for Innovation and Advancement in Industry 4.0, Raigarh, India, 2024, pp. 1-
6, doi: 10.1109/0TCON60325.2024.10687939. keywords: {Analytical
models; Technological innovation;Accuracy;Computer architecture; Transformers;Feature
extraction;Breast cancer;DL;histopathological images;breast cancer;efficientnetb7;vision
transformer;image classification},

[7] Kannan, S., & Seenu, A. (2024). Advancing Sustainability Goals with Al Neural
Networks: A Study on Machine Learning Integration for Resource Optimization and
Environmental Impact Reduction. management, 32(2).

[8] Tulasi Naga Subhash Polineni , Kiran Kumar Maguluri , Zakera Yasmeen , Andrew
Edward. (2022). Al-Driven Insights Into End-Of-Life Decision-Making: Ethical, Legal,
And Clinical Perspectives On Leveraging Machine Learning To Improve Patient
Autonomy And Palliative Care Outcomes. Migration Letters, 19(6), 1159-1172. Retrieved
from https://migrationletters.com/index.php/ml/article/view/11497

3408 |Page



Machine Learning-Powered Actuarial Science: Revolutionizing Underwriting and Policy Pricing for
&EE]PH Enhanced Predictive Analytics in Life and Health Insurance
@ SEEJPH Volume XXV, 2024, ISSN: 2197-5248; Posted:12-12-24

[9] Sambasiva Rao Suura. (2024). Artificial Intelligence and Machine Learning in
Genomic Medicine: Redefining the Future of Precision Diagnostics. South Eastern
European Journal of Public Health, 955-973. https://doi.org/10.70135/seejph.vi.4602

[10] Sai Teja Nuka. (2024). Exploring Al and Generative Al in Healthcare
Reimbursement Policies: Challenges, Ethical Considerations, and Future Innovations.
International Journal of Medical Toxicology and Legal Medicine, 27(5), 574-584.

[11]  Murali Malempati, Dr. P.R. Sudha Rani. (2023). Autonomous Al Ecosystems for
Seamless Digital Transactions: Exploring Neural Network-Enhanced Predictive
Payment Models. International Journal of Finance (IJFIN), 36(6), 47—69.

[12] S. Chitta, V. K. Yandrapalli and S. Sharma, "Deep Learning for Precision
Agriculture: Evaluating CNNs and Vision Transformers in Rice Disease Classification,"
2024 OPJU International Technology Conference (OTCON) on Smart Computing for
Innovation and Advancement in Industry 4.0, Raigarh, India, 2024, pp. 1-6, doi:
10.1109/0TCON60325.2024.10687983.  keywords:  {Precision  agriculture;Deep
learning; Adaptation models;Computer vision;Accuracy;Computational
modeling; Transformers;Convolutional Neural Networks;Vision Transformer;Rice Disease
Classification;Deep Learning;Agriculture},

[13] Kishore Challa. (2024). Artificial Intelligence and Generative Neural Systems:
Creating Smarter Customer Support Models for Digital Financial Services . Journal of
Computational Analysis and Applications (JOCAAA), 33(08), 1828-1840. Retrieved from
https://eudoxuspress.com/index.php/pub/article/view/1860

[14] Vankayalapati, R. K., Sondinti, L. R., Kalisetty, S., & Valiki, S. (2023). Unifying
Edge and Cloud Computing: A Framework for Distributed Al and Real-Time Processing.
In Journal for ReAttach Therapy and Developmental Diversities. Green Publication.
https://doi.org/10.53555/jrtdd.v6i9s(2).3348

[15] Karthik Chava, Kanthety Sundeep Saradhi. (2024). Emerging Applications of
Generative Al and Deep Neural Networks in Modern Pharmaceutical Supply Chains: A
Focus on Automated Insights and Decision-Making. South Eastern European Journal of
Public Health, 20-45. https://doi.org/10.70135/seejph.vi.4441

[16] Burugulla, J. K. R. (2024). The Future of Digital Financial Security: Integrating Al,
Cloud, and Big Data for Fraud Prevention and Real Time Transaction Monitoring in
Payment Systems. MSW Management Journal, 34(2), 711-730.

[17] Chaitran Chakilam, Dr. P.R. Sudha Rani. (2024). Designing Al-Powered Neural
Networks for Real-Time Insurance Benefit Analysis and Financial Assistance
Optimization in Healthcare Services. South Eastern European Journal of Public Health,
974-993. https://doi.org/10.70135/seejph.vi.4603

3409 |Page



Machine Learning-Powered Actuarial Science: Revolutionizing Underwriting and Policy Pricing for
&EE]PH Enhanced Predictive Analytics in Life and Health Insurance
@ SEEJPH Volume XXV, 2024, ISSN: 2197-5248; Posted:12-12-24

[18] Dheeraj Kumar Dukhiram Pal, Venkat Rama Raju Alluri, Shashi Thota, Venkata
Sri Manoj Bonam, Subrahmanyasarma Chitta, & Mahammad Shaik. (2024). AlIOps:
Integrating Al and Machine Learning into IT Operations. Australian Journal of Machine
Learning Research & Applications, 4(1), 1-23.
https://ajmlra.org/index.php/publication/article/view/68

[19] Somepalli, S., Korada, L., & Sikha, V. K. Leveraging Al and ML Tools in the
Utility Industry for Disruption Avoidance and Disaster Recovery.

[20] Maguluri, K. K., Pandugula, C., Kalisetty, S., & Mallesham, G. (2022). Advancing
Pain Medicine with Al and Neural Networks: Predictive Analytics and Personalized
Treatment Plans for Chronic and Acute Pain Managements. Journal of Artificial
Intelligence and Big Data, 2(1), 112-126. Retrieved from
https://www.scipublications.com/journal/index.php/jaibd/article/view/1201

[21] Annapareddy, V. N., & Seenu, A. Generative Al in Predictive Maintenance and
Performance Enhancement of Solar Battery Storage Systems.

[22] Komaragiri, V. B. (2024). Data-Driven Approaches to Battery Health Monitoring
in Electric Vehicles Using Machine Learning. International Journal of Scientific Research
and Management (IJSRM), 12(01), 1018-1037.

[23] Challa, S. R. (2022). Optimizing Retirement Planning Strategies: A Comparative
Analysis of Traditional, Roth, and Rollover IRAs in LongTerm Wealth Management.
Universal Journal of Finance and Economics, 2(1), 1276. Retrieved from
https://www.scipublications.com/journal/index.php/ujfe/article/view/1276

[24] Data Engineering Solutions: The Impact of Al and ML on ERP Systems and Supply
Chain Management. (2024). In Nanotechnology Perceptions (Vol. 20, Issue S9).
Rotherham Press. https://doi.org/10.62441/nano-ntp.v20is9.47

[25] Kannan, S. (2023). The Convergence of Al, Machine Learning, and Neural
Networks in Precision Agriculture: Generative Al as a Catalyst for Future Food Systems.
In Journal for ReAttach Therapy and Developmental Diversities. Green Publication.
https://doi.org/10.53555/jrtdd.v6i10s(2).3451

[26] Sambasiva Rao Suura (2024) Generative Al Frameworks for Precision Carrier
Screening: Transforming Genetic Testing in Reproductive Health. Frontiers in Health
Informa 4050-4069

[27] Pandugula, C., Kalisetty, S., & Polineni, T. N. S. (2024). Omni-channel Retail:

Leveraging Machine Learning for Personalized Customer Experiences and Transaction
Optimization. Utilitas Mathematica, 121, 389-401.

3410 |Page



Machine Learning-Powered Actuarial Science: Revolutionizing Underwriting and Policy Pricing for
&EE]PH Enhanced Predictive Analytics in Life and Health Insurance
@ SEEJPH Volume XXV, 2024, ISSN: 2197-5248; Posted:12-12-24

[28] Nuka, S. T. (2024). The Future of Al Enabled Medical Device Engineering:
Integrating Predictive Analytics, Regulatory Automation, and Intelligent Manufacturing.
MSW Management Journal, 34(2), 731-748.

[29] Malempati, M. (2022). Machine Learning and Generative Neural Networks in
Adaptive Risk Management: Pioneering Secure Financial Frameworks. In Kurdish Studies.
Green Publication. https://doi.org/10.53555/ks.v10i2.3718

[30] Challa, K. (2024). Neural Networks in Inclusive Financial Systems: Generative Al
for Bridging the Gap Between Technology and Socioeconomic Equity. MSW Management
Journal, 34(2), 749-763.

[31] Dheeraj Kumar Dukhiram Pal, Venkat Rama Raju Alluri, Shashi Thota, Venkata
Sri Manoj Bonam, Subrahmanyasarma Chitta, & Mahammad Shaik. (2024). AlOps:
Integrating Al and Machine Learning into IT Operations. Australian Journal of Machine
Learning Research & Applications, 4(1), 1-23.
https://ajmlra.org/index.php/publication/article/view/68

[32] Karthik Chava, Dr. P.R. Sudha Rani, (2023) Generative Neural Models in
Healthcare Sampling: Leveraging Al-ML Synergies for Precision-Driven Solutions in
Logistics and Fulfillment. Frontiers in Health Informa (6933-6952)

[33] Kalisetty, S., Pandugula, C., & Mallesham, G. (2023). Leveraging Artificial
Intelligence to Enhance Supply Chain Resilience: A Study of Predictive Analytics and Risk
Mitigation Strategies. Journal of Artificial Intelligence and Big Data, 3(1), 29-45.
Retrieved from
https://www.scipublications.com/journal/index.php/jaibd/article/view/1202

[34] Burugulla, J. K. R. (2022). The Role of Cloud Computing in Revolutionizing
Business Banking Services: A Case Study on American Express’s Digital Financial
Ecosystem. In Kurdish Studies. Green Publication. https://doi.org/10.53555/ks.v10i2.3720

[35] Madhavaram, C. R., Sunkara, J. R., Kuraku, C., Galla, E. P., & Gollangi, H. K.
(2024). The Future of Automotive Manufacturing: Integrating Al, ML, and Generative Al
for Next-Gen Automatic Cars. In IMRJR (Vol. 1, Issue 1). Tejass Publishers.
https://doi.org/10.17148/imrjr.2024.010103

[36] Chaitran Chakilam, Dr. Aaluri Seenu, (2024) Transformative Applications of Al
and ML in Personalized Treatment Pathways: Enhancing Rare Disease Support Through
Advanced Neural Networks. Frontiers in Health Informa 4032-4049

[37] Sondinti, L. R. K., Kalisetty, S., Polineni, T. N. S., & abhireddy, N. (2023).
Towards Quantum-Enhanced Cloud Platforms: Bridging Classical and Quantum
Computing for Future Workloads. In Journal for ReAttach Therapy and Developmental
Diversities. Green Publication. https://doi.org/10.53555/jrtdd.v6i10s(2).3347

3411 |Page



Machine Learning-Powered Actuarial Science: Revolutionizing Underwriting and Policy Pricing for
&EE]PH Enhanced Predictive Analytics in Life and Health Insurance
@ SEEJPH Volume XXV, 2024, ISSN: 2197-5248; Posted:12-12-24

[38] Sikha, V. K. Cloud-Native Application Development for Al-Conducive
Architectures.

[39] Bauskar, S. R., Madhavaram, C. R., Galla, E. P., Sunkara, J. R., Gollangi, H. K.
and Rajaram, S. K. (2024) Predictive Analytics for Project Risk Management Using
Machine Learning. Journal of Data Analysis and Information Processing, 12, 566-580. doi:
10.4236/jdaip.2024.124030.

[40] Maguluri, K. K., Pandugula, C., & Yasmeen, Z. (2024). Neural Network
Approaches for Real-Time Detection of Cardiovascular Abnormalities.

[41] Venkata Narasareddy Annapareddy. (2022). Innovative Aidriven Strategies For
Seamless Integration Of Electric Vehicle Charging With Residential Solar Systems.
Migration Letters, 19(6), 1221-1236. Retrieved from
https://migrationletters.com/index.php/ml/article/view/11618

[42] International Journal on Recent and Innovation Trends in Computing and
CommunicationISSN: 2321-8169 Volume: 11 Issue: 9Article Received:25July 2023
Revised:12September 2023 Accepted:30September 2023

[43] Vinay Yandrapalli, et al. (2024). Innovative Logistics: Assessing Al’s Impact on
Supply Chain Excellence. International Journal on Recent and Innovation Trends in
Computing and  Communication,  11(9), 4987-4994.  Retrieved  from
https://ijritcc.org/index.php/ijritcc/article/view/10155

[44] Kannan, S. (2022). The Role Of Al And Machine Learning In Financial Services:
A Neural Networkbased Framework For Predictive Analytics And Customercentric
Innovations. Migration Letters, 19(6), 1205-1220.

[45] Shashi Thota, Subrahmanyasarma Chitta, Vinay Kumar Reddy Vangoor, Chetan
Sasidhar Ravi, & Venkata Sri Manoj Bonam. (2023). Few-Shot Learning in Computer
Vision: Practical Applications and Techniques. Human-Computer Interaction
Perspectives, 3(1), 29-58. https://tsbpublisher.org/hcip/article/view/83

[46] Laxminarayana Korada, V. K.S., & Somepalli, S. Finding the Right Data Analytics
Platform for Your Enterprise.

[47] Polineni, T. N. S., abhireddy, N., & Yasmeen, Z. (2023). Al-Powered Predictive
Systems for Managing Epidemic Spread in High-Density Populations. In Journal for
ReAttach  Therapy and  Developmental Diversities.  Green  Publication.
https://doi.org/10.53555/jrtdd.v6i10s(2).3374

[48] Sondinti, L. R. K., & Yasmeen, Z. (2022). Analyzing Behavioral Trends in Credit
Card Fraud Patterns: Leveraging Federated Learning and Privacy-Preserving Acrtificial
Intelligence Frameworks.

3412 |Page



Machine Learning-Powered Actuarial Science: Revolutionizing Underwriting and Policy Pricing for
&EE]PH Enhanced Predictive Analytics in Life and Health Insurance
@ SEEJPH Volume XXV, 2024, ISSN: 2197-5248; Posted:12-12-24

[49] Shashi Thota, Subrahmanyasarma Chitta, Venkat Rama Raju Alluri, Vinay Kumar
Reddy Vangoor, & Chetan Sasidhar Ravi. (2022). MLOps: Streamlining Machine
Learning Model Deployment in Production. African Journal of Artificial Intelligence and
Sustainable Development, 2(2), 186-205.
https://ajaisd.org/index.php/publication/article/view/37

[50] Dheeraj Kumar Dukhiram Pal, Jenie London, Ajay Aakula, & Subrahmanyasarma
Chitta. (2022). Implementing TOGAF for Large-Scale Healthcare Systems Integration.
Internet of Things and Edge Computing Journal, 2(1), 55-101.
https://tsbpublisher.org/iotecj/article/view/77

[51] Subhash Polineni, T. N., Pandugula, C., & Azith Teja Ganti, V. K. (2022). Al-
Driven Automation in Monitoring Post-Operative Complications Across Health Systems.
Global Journal of Medical Case Reports, 2(1), 1225. Retrieved from
https://www.scipublications.com/journal/index.php/gjmcr/article/view/1225

[52] Nuka, S. T. (2023). Generative Al for Procedural Efficiency in Interventional
Radiology and Vascular Access: Automating Diagnostics and Enhancing Treatment
Planning. In Journal for ReAttach Therapy and Developmental Diversities. Green
Publication. https://doi.org/10.53555/jrtdd.v6i10s(2).3449

[53] Pranadeep Katari, Shashi Thota, Subrahmanyasarma Chitta, Ashok Kumar Pamidi
Venkata, & Tanzeem Ahmad. (2021). Remote Project Management: Best Practices for
Distributed Teams in the Post-Pandemic Era. Australian Journal of Machine Learning
Research & Applications, 1(2), 145-166.
https://ajmlra.org/index.php/publication/article/view/82

[54] Vinay Kumar Reddy Vangoor, Chetan Sasidhar Ravi, Venkata Sri Manoj Bonam,
Pranadeep Katari, & Subrahmanyasarma Chitta. (2020). Energy-Efficient Consensus
Mechanisms for Sustainable Blockchain Networks. Journal of Science & Technology,
1(1), 488-509. https://tsbpublisher.org/jst/article/view/71

[55] Kothapalli Sondinti, L. R., & Yasmeen, Z. (2022). Analyzing Behavioral Trends in
Credit Card Fraud Patterns: Leveraging Federated Learning and Privacy-Preserving
Artificial Intelligence Frameworks. Universal Journal of Business and Management, 2(1),
1224. Retrieved from
https://www.scipublications.com/journal/index.php/ujbm/article/view/1224

[56] Chitta, S., Yandrapalli, V. K., & Sharma, S. (2024, June). Deep Learning for
Precision Agriculture: Evaluating CNNs and Vision Transformers in Rice Disease
Classification. In 2024 OPJU International Technology Conference (OTCON) on Smart
Computing for Innovation and Advancement in Industry 4.0 (pp. 1-6). IEEE.

[57] Subrahmanyasarma Chitta, Sai Manoj Yellepeddi, Shashi Thota, & Ashok Kumar
Pamidi Venkata. (2019). Decentralized Finance (DeFi): A Comprehensive Study of

3413 |Page



Machine Learning-Powered Actuarial Science: Revolutionizing Underwriting and Policy Pricing for
&EE]PH Enhanced Predictive Analytics in Life and Health Insurance
@ SEEJPH Volume XXV, 2024, ISSN: 2197-5248; Posted:12-12-24

Protocols and Applications. Distributed Learning and Broad Applications in Scientific
Research, 5, 124-146. https://dIbasr.org/index.php/publication/article/view/9

[58] Korada, L. Role of Generative Al in the Digital Twin Landscape and How It
Accelerates Adoption. J Artif Intell Mach Learn & Data Sci 2024, 2(1), 902-906.

[59] Kothapalli Sondinti, L. R., & Syed, S. (2021). The Impact of Instant Credit Card
Issuance and Personalized Financial Solutions on Enhancing Customer Experience in the
Digital Banking Era. Universal Journal of Finance and Economics, 1(1), 1223. Retrieved
from https://www.scipublications.com/journal/index.php/ujfe/article/view/1223

[60] Chitta, S., Yandrapalli, V. K., & Sharma, S. (2024, June). Advancing
Histopathological Image Analysis: A Combined EfficientNetB7 and ViT-S16 Model for
Precise Breast Cancer Detection. In 2024 OPJU International Technology Conference
(OTCON) on Smart Computing for Innovation and Advancement in Industry 4.0 (pp. 1-6).
IEEE.

[61] Nagesh Boddapati, V. (2023). Al-Powered Insights: Leveraging Machine Learning
And Big Data For Advanced Genomic Research In Healthcare. In Educational
Administration: Theory and Practice (pp. 2849-2857). Green Publication.
https://doi.org/10.53555/kuey.v29i4.7531

[62] Pradhan, S., Nimavat, N., Mangrola, N., Singh, S., Lohani, P., Mandala, G, ... &
Singh, S. K. (2024). Guarding Our Guardians: Navigating Adverse Reactions in Healthcare
Workers Amid Personal Protective Equipment (PPE) Usage During COVID-19. Cureus,
16(4).

[63] Subrahmanyasarma Chitta, Justin Crawly, Sai Ganesh Reddy, & Dheeraj Kumar.
(2019). Balancing data sharing and patient privacy in interoperable health systems .
Distributed Learning and Broad Applications in Scientific Research, 5, 886-925.
https://dlbasr.org/index.php/publication/article/view/7

[64] Vankayalapati, R. K., Edward, A., & Yasmeen, Z. (2021). Composable
Infrastructure: Towards Dynamic Resource Allocation in Multi-Cloud Environments.
Universal Journal of Computer Sciences and Communications, 1(1), 1222. Retrieved from
https://www.scipublications.com/journal/index.php/ujcsc/article/view/1222

[65] Mandala, V., & Mandala, M. S. (2022). ANATOMY OF BIG DATA LAKE
HOUSES. NeuroQuantology, 20(9), 6413.

[66] Siramgari, D., & Sikha, V. K. From Raw Data to Actionable Insights: Leveraging
LLMs for Automation.

[67] Murali Malempati. (2022). Al Neural Network Architectures For Personalized
Payment Systems: Exploring Machine Learning’s Role In Real-Time Consumer Insights.

3414 |Page



Machine Learning-Powered Actuarial Science: Revolutionizing Underwriting and Policy Pricing for
&EE]PH Enhanced Predictive Analytics in Life and Health Insurance
@ SEEJPH Volume XXV, 2024, ISSN: 2197-5248; Posted:12-12-24

Migration Letters, 19(S8), 1934-1948. Retrieved from
https://migrationletters.com/index.php/ml/article/view/11632

[68] Challa, K. (2023). Transforming Travel Benefits through Generative Al: A
Machine Learning Perspective on Enhancing Personalized Consumer Experiences. In
Educational ~ Administration:  Theory and  Practice.  Green  Publication.
https://doi.org/10.53555/kuey.v29i4.9241

[69] Chava, K. (2023). Revolutionizing Patient Outcomes with Al-Powered Generative
Models: A New Paradigm in Specialty Pharmacy and Automated Distribution Systems. In
Journal for ReAttach Therapy and Developmental Diversities. Green Publication.
https://doi.org/10.53555/jrtdd.v6i10s(2).3448

[70] Chaitran Chakilam. (2022). Integrating Generative Al Models And Machine
Learning Algorithms For Optimizing Clinical Trial Matching And Accessibility In
Precision Medicine. Migration Letters, 19(S8), 1918-1933. Retrieved from
https://migrationletters.com/index.php/ml/article/view/11631

[71] Komaragiri, V. B., Edward, A., & Surabhi, S. N. R. D. Enhancing Ethernet Log
Interpretation And Visualization.

[72] Sai TejaNuka (2023) A Novel Hybrid Algorithm Combining Neural Networks And
Genetic Programming For Cloud Resource Management. Frontiers in Health Informa
6953-6971

[73] Kishore Challa,. (2022). Generative Al-Powered Solutions for Sustainable
Financial Ecosystems: A Neural Network Approach to Driving Social and Environmental
Impact. Mathematical Statistician and Engineering Applications, 71(4), 16643-16661.
Retrieved from https://philstat.org/index.php/MSEA/article/view/2956

[74] Sikha, V. K. (2024). Developing a BCDR Solution with Azure for Cloud-Based
Applications Across Geographies. North American Journal of Engineering Research, 5(2).

[75] Karthik Chava. (2022). Redefining Pharmaceutical Distribution With Al-Infused
Neural Networks: Generative Al Applications In Predictive Compliance And Operational
Efficiency. Migration Letters, 19(S8), 1905-1917. Retrieved from
https://migrationletters.com/index.php/ml/article/view/11630

[76] Korada, L., Sikha, V. K., & Siramgari, D. (2024). Al & Accessibility: A Conceptual
Framework for Inclusive Technology. International Journal of Intelligent Systems and
Applications in Engineering, 12(23s), 983.

[77] Venkata Bhardwaj Komaragiri. (2022). Al-Driven Maintenance Algorithms For
Intelligent Network Systems: Leveraging Neural Networks To Predict And Optimize

3415|Page



Machine Learning-Powered Actuarial Science: Revolutionizing Underwriting and Policy Pricing for
&EE]PH Enhanced Predictive Analytics in Life and Health Insurance
@ SEEJPH Volume XXV, 2024, ISSN: 2197-5248; Posted:12-12-24

Performance In Dynamic Environments. Migration Letters, 19(S8), 1949-1964. Retrieved
from https://migrationletters.com/index.php/ml/article/view/11633

[78] Sikha, V. K., Siramgari, D., & Korada, L. (2023). Mastering Prompt Engineering:
Optimizing Interaction with Generative Al Agents. Journal of Engineering and Applied
Sciences Technology. SRC/JEAST-E117. DOI: doi. org/10.47363/JEAST/2023 (5) E117
J Eng App Sci Technol, 5(6), 2-8.

[79] Nuka, S. T. (2022). The Role of Al Driven Clinical Research in Medical Device
Development: A Data Driven Approach to Regulatory Compliance and Quality Assurance.
Global Journal of Medical Case Reports, 2(1), 1275. Retrieved from
https://www.scipublications.com/journal/index.php/gjmcr/article/view/1275

[80] Sikha, V. K., & Somepalli, S. (2023). Cybersecurity in Utilities: Protecting Critical
Infrastructure from Emerging Threats. Journal of Scientific and Engineering Research,
10(12), 233-242.

[81] Chakilam, C. (2022). Generative Al-Driven Frameworks for Streamlining Patient
Education and Treatment Logistics in Complex Healthcare Ecosystems. In Kurdish
Studies. Green Publication. https://doi.org/10.53555/ks.v10i2.3719

[82] Sikha, V. K. (2023). The SRE Playbook: Multi-Cloud Observability, Security, and
Automation (Vol. 2, No. 2, pp. 2-7). SRC/JAICC-136. Journal of Artificial Intelligence &
Cloud Computing DOI: doi. org/10.47363/JAICC/2023 (2) E136 J Arti Inte & Cloud
Comp.

[83] Komaragiri, V. B., & Edward, A. (2022). Al-Driven Vulnerability Management
and Automated Threat Mitigation. International Journal of Scientific Research and
Management (NSRM), 10(10), 981-998.

[84] Dheeraj Kumar Dukhiram Pal, Subrahmanyasarma Chitta, & Vipin Saini. (2018).
Addressing legacy system challenges through EA in healthcare. Distributed Learning and
Broad Applications in Scientific Research, 4, 180-219.
https://dlbasr.org/index.php/publication/article/view/2

[85] Tanzeem Ahmad, Chetan Sasidhar Ravi, Subrahmanyasarma Chitta, Sai Manoj
Yellepeddi, & Ashok Kumar Pamidi Venkata. (2018). Hybrid Project Management:
Combining Agile and Traditional Approaches. Distributed Learning and Broad
Applications in Scientific Research, 4, 122-145.
https://dlbasr.org/index.php/publication/article/view/15

[86] Dheeraj Kumar Dukhiram Pal, Vipin Saini, & Subrahmanyasarma Chitta. (2017).
Role of data stewardship in maintaining healthcare data integrity. Distributed Learning and

3416 |Page



Machine Learning-Powered Actuarial Science: Revolutionizing Underwriting and Policy Pricing for
&EE]PH Enhanced Predictive Analytics in Life and Health Insurance
@ SEEJPH Volume XXV, 2024, ISSN: 2197-5248; Posted:12-12-24

Broad Applications in Scientific Research, 3, 34-68.
https://dlbasr.org/index.php/publication/article/view/20

[87] Balaji Adusupalli. (2022). The Impact of Regulatory Technology (RegTech) on
Corporate Compliance: A Study on Automation, Al, and Blockchain in Financial
Reporting. Mathematical Statistician and Engineering Applications, 71(4), 16696-16710.
Retrieved from https://philstat.org/index.php/MSEA/article/view/2960

[88] Al-Powered Revenue Management and Monetization: A Data Engineering
Framework for Scalable Billing Systems in the Digital Economy . (2025). MSW
Management Journal, 34(2), 776-787.

[89] Adgentic Al in Financial Decision-Making: Enhancing Customer Risk Profiling,
Predictive Loan Approvals, and Automated Treasury Management in Modern Banking.
(2025). MSW Management Journal, 34(2), 832-843.

[90] The Role of Internal Audit in Enhancing Corporate Governance: A Comparative
Analysis of Risk Management and Compliance Strategies. (2025). MSW Management
Journal, 34(2), 818-831.

[91] Pallav Kumar Kaulwar. (2023). Tax Optimization and Compliance in Global
Business Operations: Analyzing the Challenges and Opportunities of International
Taxation Policies and Transfer Pricing. International Journal of Finance (1JFIN) - ABDC
Journal Quality List, 36(6), 150-181.

3417 |Page


https://philstat.org/index.php/MSEA/article/view/2960

