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Abstract—There has been a sea change in the way risk 

assessment, underwriting, fraud detection, and claims 

processing are conducted as a result of the integration of 

actuarial science with AI and ML. Supervised, unsupervised, 

and reinforcement learning were incorporated into traditional 

actuarial models to increase the accuracy and operational 

efficiency of predictive problems. The use of data analytics 

and, thus, AI for actuaries offers the opportunity to extract 

useful information and discover better decision-making from 

huge and intricate data sets to better create insurance, social 

security, healthcare, and financial risk management. Despite 

this, there are challenges to the adoption of AI, namely, 

model validation (algorithmic bias), regulatory compliance, 

and ethical considerations. SR11-7 and OSFI E-23 are 

important governance frameworks to maintain transparency, 

accountability and reliability of AI-based actuarial models. In 

this paper, I study what AI/ML techniques are used in 

actuarial science, what impact they have on how the industry 

works, and the importance of good model validation 

frameworks. In addition, it demonstrates how AI may aid in 

the enhancement of data quality, speed up the analytical 

procedures, and initiate fresh modeling ways. As AI 

continues to develop, there will be an increased need for 

actuarial science to research and put in place standardized 

governance to establish the ethical and effective use of AI. 
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I. INTRODUCTION  

Artificial intelligence (AI) and machine learning (ML) are 
rapidly changing and influencing many of the industries in a 
large way, and actuarial science is no exception. These 
technologies are altering the environment in which actuaries 
operate by affecting the ways in which risks are assessed, 
decisions are made, and quantifiable economics are 
decided[1]. Credit risk, market risk, technical life risk, 
morbidity risk, and non-life risk are some of the complex 
issues addressed by actuaries. These risks include default, 
price variation, health, and disability, as well as technical life 
and market risks[2]. 

Validation is an important activity in the AI/ML 
development process of the model so that the deployed models 
are accurate enough for their use[3]. This is especially true in 
facilitated modeling workshops in which stakeholders work 
together to simulate a model, hence referred to as facilitated 
simulation modeling[4]. Errors are mitigated, and AI/ML-
driven actuarial models are reliable and interpretable through 
proper validation processes[5]. 

There are ML supervised and unsupervised learning 
approaches. In supervised learning, models are trained using 
labelled datasets, and their outputs are predicted using input 
characteristics[6]. However, in the case of unsupervised 
learning techniques such as clustering, the actuaries can 
discover new risk factors or fraudulent activities through their 
capability of identifying hidden patterns in the customer data. 
These clustering approaches enable the partition of 

policyholders, yielding risk mitigation approaches tailored to 
policyholders' needs and personalized policy offerings[7]. 

 
Fig. 1. Computer Science link to Actuarial Science 

There must be solid plans for validation and oversight for 
the use of AI and ML in actuarial research. Data science 
methodologies diverge from classical actuarial modeling in 
that they minimize the initial error by testing multiple models 
and the use of computational speed. On the other hand, 
actuaries first choose their model and then optimize the 
parameters by extensive error minimization[8]. Figure 1 
shows the connection between Computer Science and 
Actuarial Science. These differences highlight the need for 
robust governance frameworks that align AI/ML 
methodologies with actuarial best practices. 

II. AI/ML APPLICATIONS IN ACTUARIAL SCIENCE 

The foundation of insurance and financial risk assessment, 
actuarial science, has endured because it is always evolving to 
include new methods and technology. Actuaries' risk 
prediction, scenario modelling, and insurance policy creation 
processes stand to undergo a sea change with the advent of AI, 
particularly ML and data analytics, into actuarial activities[9]. 

The majority of current AI actuarial work is on creating 
intelligent agents to carry out specific duties once handled by 
human actuaries[10][11]. Because of the high level of 
complexity, time, and effort needed to do these jobs without 
AI, it is possible that they were never completed.  A significant 
portion of this paper delves into a specific branch of AI 
commonly referred to as "ML". This particular branch of AI 
is now the most relevant for actuarial purposes[12].  

A. Common AI/ML Techniques Used in Actuarial 

Applications 

Several AI/ML techniques are employed in actuarial 
modeling to improve efficiency and accuracy. The following 
methods are among the most popular: 

 Supervised Learning: As an example of ML in 
action, the area of supervised learning is applied to the 
problem of aviation incident prediction. The authors 
draw the conclusion that ML is just as simple to 
implement as a GLM[13]. The chosen model may not 
work well in reality, though, if the model is too 
complicated. How to detect instances of health 
insurance claim fraud brought about by connecting 
giveaway elements found in bogus claims 
applications[14]. It entails teaching a model using a 
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dataset that has been labelled, meaning that each data 
point has been assigned a known consequence[15][16]. 
The model's ability to anticipate the result from the 
features fed into it is learning. Common uses involve 
regression and classification processes. 

 Unsupervised Learning: The goal of unsupervised 
learning approaches is to visually represent high-
dimensional data, cluster instances with comparable 
properties, and reduce the data's dimensionality 
(covariables, features). These methods rely almost 
entirely on feature-based similarity analysis and do not 
take response factors into account at all. This is why 
these techniques are considered to be part of the 
unsupervised learning method field[17][18].  

 Reinforcement Learning: The goal of reinforcement 
learning is to teach agents how to maximize their 
reward signals in certain contexts. The fact that 
reinforcement learning is not dependent on past data 
sets distinguishes it significantly from supervised and 
unsupervised learning.  Reinforcement learning, on the 
other hand, is based on a system architecture in which 
an agent optimizes its approach to complete a job by 
acting in response to observations made about its 
surroundings and receiving rewards 
accordingly[19][20]. 

B.  Applications of AI in Actuarial Science and Insurance 

AI is transforming actuarial science and the insurance 
industry by enhancing risk assessment, fraud detection, 
underwriting, claims processing, and customer experience. 
Here are some key applications in Figure 2: 

 
Fig. 2. Applications of AI in Actuarial Science and Insurance 

 Risk Assessment & Pricing: AI-driven predictive 
modeling enhances risk assessment and premium 
pricing, leveraging telematics, IoT data, and customer 
health records for personalized insurance 
underwriting[21]. 

 Claims Processing & Fraud Detection: AI automates 
claims submission and verification, reducing 
processing time, while ML detects fraudulent claims 
by analyzing behavioral anomalies and transaction 
patterns. 

 Underwriting Automation: AI-driven risk scoring 
improves underwriting decisions by analyzing diverse 
data sources, while OCR automates document analysis 
for faster processing. 

 Customer Experience and Personalization: Using 
behavioral data, AI-powered chatbots offer 
personalized insurance recommendations, help with 
policy selection, and offer 24/7 customer service. 

 Actuarial Analysis and Forecasting: AI assists in 
scenario analysis, stress testing, and 
mortality/morbidity predictions, improving risk 
assessment and financial planning. 

 Reinsurance and Risk Transfer: AI enhances 
catastrophe modeling using climate data and satellite 
imagery while optimizing risk transfer strategies for 
reinsurers[22]. 

 Regulatory Compliance and Risk Management: AI 
automates regulatory reporting, ensures compliance, 
and continuously monitors policies and market trends 
to detect emerging risks[23]. 

III. MODEL VALIDATION AND GOVERNANCE FRAMEWORKS 

FOR AI/ML IN ACTUARIAL APPLICATIONS 

In order to handle industrial issues and regulatory 
concerns, governance for ML models is essential. However, it 
is difficult to determine who is responsible. Among other 
things, regulators' opinions about holding consultations to 
advance model governance policy are taken into account. This 
is a crucial viewpoint that holds, according to which financial 
institutions, practitioners, and regulators work together to 
shape the direction of ML approaches in Figure 3. 

 
Fig. 3. Governance Frameworks for ML Models 

A few recommendations that offer precise instructions on 
how to manage model governance include SR11-7, OSFI E23, 
EBA, PRA, and EIOPA SII L1. But only when backed by a 
strong and comprehensive governance structure can model 
risk management advice be successful. A solid model 
governance framework, for instance, must encompass the 
process from beginning to end, assign responsibility in a clear 
and concise manner, and offer clear guidance on exceptions, 
according to the E-23 principles[24]. The SR 11-07 guidelines 
and the governance model supported by the E-23 standards are 
comparable. 

 Identification of Risk: The ability of ML models to 
draw conclusions from data sets without establishing a 
connection and algorithmic bias are two of the main 
hazards associated with these models. Bias in input 
data might be inherent, leading to unjust results[25]. 
Additionally, model users cannot fully comprehend the 
intricate model limits and interpret the output 
incorrectly, which could result in subpar results. 

 Risk Assessment: The existing risk-assessment 
matrix-tiering may not take into account the factors 
that the model uses to arrive at the outcomes or 
produce them for its automated decision systems since 
models might change over time[26]. 

 Roles and Responsibilities: Financial institutions 
must evaluate their talent requirements, particularly 
the way in which actuary and non-actuarial jobs are 
divided in terms of responsibilities. 

 Oversight and Control: Since several stakeholders 
must examine, approve, attest, and certify each stage 
of the model lifecycle while maintaining appropriate 
and proportional risk controls, the models must 
comply with the internal policy and compliance 
criteria set by each financial institution. 

 Monitoring and Reporting: A more dynamic 
monitoring strategy is required as algorithms continue 
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to change. Insurers and other financial organisations 
are beginning to specify more precise monitoring 
procedures for their automated decision systems, even 
though banks have recognized the benefits of model 
validation. 

 Regulatory Guidance and Best Practices: 
Regulators anticipate that financial institutions will 
implement best practices and follow the rules, 
regulations, and practice notes issued by practitioner 
societies[27]. 

 Ethical and Legal Aspects: Addressing this issue 
calls for interdisciplinary teams because it is a huge 
topic in and of itself. For instance, vendor-provided 
models with strict contractual obligations at the 
licensing stage may reduce the number of legal 
problems. 

A. Model Validation Ensures AI/ML Models 

Model validation ensures AI/ML models in actuarial 
applications are accurate, dependable, impartial, interpretable, 
and obedient to controlling and industry standards, as shown 
in Figure 4. 

 
Fig. 4. The importance of Actuarial Modeling  

B. Actuarial Modeling in Healthcare and Insurance 

Programs 

The healthcare and insurance industries, as seen in Figure 
5, rely heavily on actuarial modelling to assist government 
organisations in making well-informed financial choices[28]. 
Actuarial modelling helps policymakers to evaluate risks, 
project costs, and create efficient healthcare and insurance 
plans by applying mathematical and statistical tools[29]. This 
section will examine the various ways that actuarial modelling 
may support decision-making in these areas. 

 
Fig. 5. Actuarial Modeling in Healthcare and Insurance Programs 

1) Actuarial Modeling in Social Security and Pension 

Systems 
Actuarial modelling might be used to evaluate the long-

term viability and financial sustainability of the social security 
and pension systems.[30] These are programs designed to 
provide this income and financial stability to those who are 
retired, handicapped, or who pass away.  The study of 
actuaries includes mathematical and statistical methods of 
analysis and forecasting, such as methods used for cash flows, 
demography, and economic issues impacting this industry. 

2) Actuarial Modeling in Estimating Healthcare Costs 
One of the main uses of actuarial modelling in the medical 

field is cost estimation. Actuaries forecast future costs based 
on historical data, demographic trends, and patterns of 
healthcare utilization[31]. For example, it could use actuarial 

models to forecast the costs associated with a specific disease 
or medical practice, taking into account variables like 
population growth, inflation, and improvements in medical 
practice.  Such data aids government organisations in creating 
innovative healthcare initiatives and making effective use of 
limited resources. 

3) Actuarial Modeling in Assessing Insurance Risks 
In the insurance industry, since governments must assess 

risk and determine how to set fair insurance prices, actuarial 
modelling is equally crucial.  In order to create models that 
forecast the likelihood and severity of future occurrences, 
actuaries examine historical data on the amount of money, 
loss, or expenditures paid out on claims; claims made; the 
variation of mortality rates; and other specified factors.  These 
models give governments the ability to choose equitable and 
profitable insurance plans that take into consideration the level 
of risk involved in providing coverage to people or 
organisations. Actuarial models, for example, can help 
determine health insurance plan rates such that they are both 
cheap for consumers and yet cover anticipated 
expenditures[8]. 

IV. ACTUARIAL TASKS THAT MAY BENEFIT FROM MACHINE 

LEARNING 

There are two main ways that actuaries are anticipated to 
gain from the exponential growth in data collection, capture, 
and storage combined with increased computer power. Firstly, 
more advanced methods will probably be able to handle 
classic actuarial jobs as a result of better data and computing 
capabilities[32][33]. The second opportunity presents itself 
because a large number of actuaries will possess the abilities 
needed to take advantage of emerging opportunities to 
broaden the scope of the profession. The first of these 
advantages is the main topic of this paper, which illustrates it 
with several case examples. Four broad categories may be 
used to classify the main advantages of using ML for actuarial 
jobs. 

 Improved Data Quality: Businesses have additional 
opportunities to enhance the quality of the data they 
use as more data is produced and storage gets more 
affordable. Likewise, when rivals begin using better 
data, companies that don't try to follow suit risk falling 
behind. Because richer data will provide better models 
regardless of the methods used, these benefits are 
enabling businesses to enhance the quality of their data 
moving ahead, which will only help actuaries. 

 New Data Sources: Actuaries' modelling has often 
followed a very conventional framework. In order to 
anticipate a numerical result, model inputs are often 
categorical or numeric variables. Nonetheless, 
actuaries may be able to investigate different data 
sources, thanks to ML. For instance, photos may be 
included in prediction models, and text fields may be 
examined to identify important themes. 

 Speed of Analysis: Many actuaries and data scientists 
would concur that collecting, cleaning, and 
manipulating data takes a significant amount of effort 
when creating a model. Whichever approaches are 
employed, these duties will be quite similar. However, 
machine learning can be useful when a modelling data 
set has been created. Tasks may be finished swiftly 
since models can often be fitted and evaluated in a 
short amount of time. 

 New Modeling Techniques: Gaining a variety of 
viewpoints on data is possible through the use of 
diverse modeling techniques, such as unsupervised 
learning. A higher prediction capability for specific 
issues may be produced by methods like anomaly 
detection or time series modelling, which would 
enhance the functionality of actuarial models. 
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 New Approaches to Problems: In order to address a 
range of issues, actuaries usually employ 
comparatively common modeling techniques. 
However, models will always include model error. 
Thus, actuaries will be better able to choose the right 
modelling strategy for a particular situation if they can 
generate a greater number of models quickly. 

 Improved Data Visualizations: New modeling 
methods and machine learning tools provide users with 
more and more ability to create beautiful data 
visualizations, which might offer fresh insights into a 
task. A word cloud, which may be used to emphasize 
the most frequently used terms in text, is a well-known 
example. Nonetheless, there are other data 
visualization techniques that data scientists frequently 
employ.  

The case studies in the section that follows aim to illustrate 
a few of these advantages in a range of actuarial jobs[34]. 

V. LITERATURE REVIEW 

In this section, some previous studies of the researchers are 
explained below in Table I. 

Zhou et al. (2024) intended to screen out features that play 
an important role in insurance actuarial analysis by applying 
information gain, mutual information, and other means and 
screen input variables to avoid dimensional disasters. 
Techniques, including the backpropagation algorithm, shared 
weights, and parallel operations, were used to increase the 
learning pace of intelligent insurance actuarial models. In 
order to assist insurance businesses in selecting suitable model 
solutions, this article reviewed various DL model types, 
including CNN and RNN, and examined their performance 
benefits and drawbacks[35]. 

Li et al. (2024) propose a "mutation-generation-tuning" 
approach that enhances the performance of small parameter 
LLMs in multi-source data table merging tasks through 
secondary pre-training and fine-tuning. The specific methods 
include data augmentation and generating intermediate 
reasoning processes using large parameter LLMs. 
Experimental results indicate that the optimized MDTM-GPT 
model exhibits performance on par with high-parameter 
models in multi-source data table merging tasks while 
maintaining low cost and data security. The contributions of 
this paper lie in presenting a novel approach for small 
parameter LLMs and providing practical validation for 
applications in the field of data governance[36]. 

Adenane and El Fatini (2024) present a comprehensive 
mathematical epidemic model designed to analyze the 

intricate interplay between insurance plans, media coverage 
effect, premium reserves, and the actual present value of 
benefit payments in the face of infectious disease outbreaks. 
Through numerical simulations, they illustrate how media 
coverage impacts the adoption and performance of insurance 
plans and explore the implications of these effects on the 
present value of benefit payments and premium reserves[37]. 

Vanommeslaeghe et al. (2023) in order to enable 
continuous V&V, discuss early-stage research that aims to 
expand this method to additionally assist the verification and 
validation (V&V) stages. In order to do this, their suggest a 
mega-modeling strategy that uses the CDKM to give a 
system-level perspective of the CPS being developed in order 
to offer traceability across various models[38]. 

Mittal et al. (2023) their ongoing creation of a validity 
frame design and usage framework. Model management is 
used and supported by this framework. To properly specify 
the ideas of the model validity domain, they have created an 
ontology. At the moment, the framework is made up of 
ontological concepts included in a workflow model that 
explains the creation of validity frames, validation 
experiments, and a general experiment. The topics are 
explained using a straightforward resistor model validation 
case study as a running example. Various resistor models' 
validity frames are calculated. A sketch of how to use the 
framework in various situations is provided[39]. 

Hammad et al. (2023) begin with a review of the general 
linear model theory, which is often acquainted at the single 
level. It then progresses to the more sophisticated linear mixed 
model theory, which is followed by the multilevel modelling 
technique. Every important phrase is defined. Since these 
kinds of data are frequently found in actuarial and insurance 
applications, the article presents examples from these fields to 
demonstrate its points. But this method may also be used in 
other management and commercial applications. As 
demonstrated, multilevel modeling is an effective technique 
for managing intricate data structures, such as cross-classified 
and hierarchical datasets[40]. 

Khan et al. (2022) suggest an SDLS prototype concept that 
is based on the IoT and has dependable double-access 
authentication. With the warning mechanism on unauthorized 
access, the authentication mechanism of IoT and biometric 
technology is used to make SDLS more accessible and safer. 
The SDLS has a biometric scanner, and a thumb imprint is 
taken using a smartphone or a biometric-mounted device on 
the door. Both are linked to the real-time database that is 
housed in the cloud[41]. 

TABLE I.  RELATED WORK SUMMARY OF MODEL VALIDATION AND GOVERNANCE FOR AI/ML IN ACTUARIAL 

Author Study On Approach Key Findings Challenges and Limitations 

Zhou et al. 

(2024) 

Feature selection and 

deep learning 

models in insurance 

actuarial analysis 

Used information gain, mutual 

information for feature selection; 

analyzed CNN and RNN models with 

backpropagation and parallel operations. 

Improved model accuracy 

and reduced computational 

complexity, CNN and RNN 

have distinct advantages. 

Hybrid models not extensively 

explored; scalability issues for 

large datasets. 

Li et al. 

(2024) 

Enhancing small 

parameter LLMs for 
multi-source data 

merging 

Proposed a "mutation-generation-tuning" 

approach for small parameter LLMs; 
leveraged secondary pre-training and 

fine-tuning. 

MDTM-GPT performed on 

par with high-parameter 
models while ensuring cost 

efficiency and data security. 

Computational burden from 

large-parameter models; requires 
extensive pre-training datasets. 

Adenane and 
El Fatini 

(2024) 

Mathematical 
epidemic models in 

insurance planning 

Developed a mathematical epidemic 
model to assess insurance plans, media 

coverage, and premium reserves. 

Media coverage influences 
insurance adoption and 

financial stability. 

Assumptions may not generalize 
across different epidemic 

scenarios; limited real-world 

validation. 

Vanommesla
eghe et al. 

(2023) 

Cyber-physical 
systems' ongoing 

validation and 

verification (V&V) 

Proposed a megamodeling approach for 
continuous V&V in cyber-physical 

systems using the CDKM framework. 

Enhanced traceability and 
iterative validation in CPS 

development. 

Early-stage research; practical 
application in large-scale systems 

remains under investigation. 

Mittal et al. 
(2023) 

Model validity 
framework for 

scientific research 

Developed a model validity framework 
integrating ontological definitions into 

workflow models. 

Defined model validity 
domains and improved 

systematic validation. 

Tested only on resistor models; 
applicability to complex systems 

needs further study. 

Hammad et 
al. (2023) 

Multilevel modeling 
for actuarial and 

insurance data 

Applied multilevel modeling to actuarial 
and insurance data, extending general 

linear models. 

Robust for hierarchical and 
cross-classified datasets. 

Requires careful hierarchical 
level selection; computationally 

intensive for large datasets. 
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Khan et al. 

(2022) 

IoT-Driven 

Intelligent Door 
Locking Mechanism 

Developed an Internet of Things (IoT)-

based Smart Door Locking System 
(SDLS) with cloud connection and 

biometric authentication. 

Improved security with 

biometric scanning and 
mobile authentication. 

Potential security vulnerabilities 

due to cloud reliance; scalability 
challenges. 

VI. CONCLUSION AND FUTURE WORK 

The integration of AI and ML into actuarial science is 
revolutionizing the field by improving fraud detection, 
underwriting, risk assessment, and claims processing.  
Actuaries may more accurately determine prices and enhance 
client satisfaction by using AI-driven predictive modeling to 
analyze large datasets. Supervised learning and unsupervised 
learning, and reinforcement learning techniques have 
automated complicated actuarial tasks so insurers can reach 
better forecasting precision and decision results. In order to 
prevent algorithmic bias and ethical concerns, model 
validation is an essential procedure that maintains the 
interpretability and reliability of AI models. 

Actuaries may take advantage of possibilities to enhance 
data quality, leverage diverse data sources, accelerate 
analysis, and develop creative modeling approaches, thanks to 
advancements in data analytics and computational capacity. 
These capabilities enable actuaries to expand the areas of their 
work and aid in the solution of financial risk management, 
social security, health care, and insurance challenges. With the 
development of AI, the synergy will further refine the risk 
prediction, optimize the resource allocation, and further 
trigger the innovation in the insurance & financial sectors. The 
next step in constructing a more trustworthy and accountable 
actuarial application is to learn from data, come up with 
ethical challenges, and establish standards for all AI models. 
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