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Abstract  
  
Artificial intelligence is altering the face of actuarial profession by improving the risk assessment, the financial 
forecast, and decision-making with the help of advanced Explainable AI, natural language processing, and machine 
learning methods. While traditional actuarial methods based on statistical models are still common, the use of AI-
specific methods to process data more rapidly and to discover and leverage hidden patterns of risk that are not 
apparent in statistical models leads actuaries to do a greater use of their time in higher value strategic analysis. 
Adoption of AI has smaller obstacles, such as model openness, data bias, regulatory compliance, and moral dilemmas 
with automated decision-making. Taking actuarial and AI collaboration as an example, this study explores the latest 
actuarial involvement in AI, discusses how an actuary will need to gain competency in AI governance, data science 
and algorithmic auditing and what impact it might have on present and future life insurance in insurance. It studies 
the impact of AI to underwriting/ pricing, claims processing and financial risk modeling in terms of efficiency and the 
accuracy of the decision taken. Finally, the study takes into consideration the ethical and regulatory aspects of AI 
uptake focusing on fairness, accountability and transparency within application of AI in the actuary field. By taking 
AI as a collaborative tool, not a replacement for human expertise, actuaries can improve decision-making, drive 
innovation, and create trust in a growing data-driven world of financial risk management. 
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Introduction 
 

Risk assessment, statistical modeling and financial 
forecasting are well being associated with the actuarial 
profession. Traditional work involved helping 
insurance, pensions and other financial services deal 
with uncertainty by using mathematical and statistical 
methods such as actuarial tables to create rates, claims 
development factors, and other policy figures[1]. 
Nevertheless, the contemporary progress of artificial 
intelligence has brought a radical sense of the actuarial 
field, including more refined modeling [2], automation 
of basic tasks, and improved prediction. AI-driven ML 
algorithms, natural language processing, and 
explainable AI are revolutionizing the actuarial 
workflow by increasing efficiency, precision, and 
adaptability in complex risk situations. 

The collaboration between actuaries and AI opens 
up to augmenting actuarial intelligence by freeing 
actuaries from doing repetitive calculations and 
enabling them to concentrate on more strategic 
analysis[3]. Therefore, AI models can be used to 
process large data sets, detect latent patterns, and help 
with making decisions through improving the risk 
predictions and financial projections[4].  
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AI allows a lot of automating of actuarial functions 
however there is still the need for human expertise in 
order to be sure of the interpretability, ethical 
considerations and regulatory compliance. Indeed, the 
interplay between AI and actuarial science is evolving 
into a synergy due to which actuaries must come up 
with new competencies such as data science and 
algorithmic auditing, and AI governance. 

Despite the encouraging potential of additive 
integration, there are still issues that must be resolved, 
including model openness, data bias, and regulatory 
concerns. Increasingly, actuarial models are being 
developed using AI and the need to pay attention to 
ethical questions around not only accountability but 
also fairness in relation to insurance pricing and 
underwriting. In addition, risks related to biased 
predictions and opaque decision-making processes [5] 
pose challenges to the use of such systems due to the 
need for high-quality data and continuing monitoring. 
To support the trust and reliability of AI-augmented 
actuarial practice, ensuring that AI applications are in 
line with actuarial principles and the industry’s 
regulation is important. 

A technological change requires actuarial 
professionals to define the supplementary role of 

http://inpressco.com/category/ijcet


Nihar Malali                     Augmenting Actuarial Intelligence: Defining the Future of Actuarial Work in the Age of AI Collaboration 

 

101| International Journal of Current Engineering and Technology, Vol.15, No.2 (Marh/April 2025) 

 

actuaries in AI-driven environments [5]. Actuaries 
should embrace AI technology, which functions as a 
powerful tool to improve their strategic planning and 
decision-making abilities, rather than function as an 
expert substitute. Future investigations should work 
on creating guidelines for responsible AI deployment 
together with solutions to interpretability problems 
and joint actions between data scientists and actuaries. 
The adoption of AI as a collaborative tool provides 
actuaries with leading positions in innovation that 
increases their resilience and adapts them to data-led 
trends in today's world. 
 
Motivation of the study 
 
Actuarial science benefits from modern advancements 
in artificial intelligence (AI) because this technology 
improves risk evaluation as well as financial 
calculation and predictive data assessment. The 
research examines AI applications for actuarial 
intelligence enhancement but focuses on resolving 
matters related to transparency along with 
interpretability and ethical agreement requirements. 
The understanding of these joint efforts proves 
essential to guarantee that AI-developed models 
comply with both industrial protocols and regulatory 
guidelines. The research investigates AI integration 
paths to establish the changing duties of actuaries and 
furnish them with essential competencies for 
succeeding in data-driven business environments. 
 
Structure of the study 
 
This manuscript discusses AI integration in actuarial 
science throughout Section II. The paper evaluates AI 
decision-making approaches under Section III. Section 
IV discusses challenges and ethical concerns. Section V 
presents case studies, while Section VI highlights 
future trends. Finally, Section VII wraps up with 
important discoveries, restrictions, and 
recommendations for further study. 
 

Overview Of Augmenting Actuarial Intelligence 
 
The goal of actuarial science is to solve risk 
management and economic quantification issues, 
particularly those involving sophisticated finance.  In 
general, it aims to comprehend, quantify, and control 
existing risk sharing as well as possible future sharing 
situations, taking into account their possible influence 
on the evolution of the analytical environment.  Among 
other more specific risks and their possible economic 
impact, specific risks are frequently modelled, 
including credit risk (default), market risk (price 
variation and reference rates), technical life risks 
(death or survival), morbidity risk (disability and 
health), and non-life risks (automobile, home, casualty, 
etc.). 

This implies that modeling will always be extremely 
difficult in terms of the effectiveness and relevance of 
the forecasts, with constraints pertaining to the 

accessibility of information, regulatory constraints, and 
the requirement for transparency in a highly regulated 
sector because of the appropriation of public resources 
and the systemic risk industry for the economy, which 
highlights the necessity of making clear and simple 
decisions for clients and investors[6]. Within this 
possible framework, practitioners like the actuarial 
profession have been concentrating on utilizing these 
advanced models to advance their main duty, which is 
the prompt, appropriate, and informed management of 
risks, irrespective of the industry in which they work. 

 
It is capable of real-time environmental recording 

and analysis.  The widespread use of contemporary 
mobile computing devices, such as smartphones and 
tablet computers with location-based services, is 
primarily responsible for its increasing appeal as a 
mainstream technology.  Similar to augmented reality, 
augmented intelligence enhances human intellect by 
adding layers of knowledge, enabling people to 
perform at their highest level. 

The industries that produce a lot of data, including 
law, healthcare, and agriculture, are the forerunners of 
augmentation.  Augmented intelligence's primary goal 
is to develop a completely new automated procedure 
with 20% manual exceptions. 

The five-function cadence that augmented 
intelligence follows enables it to learn from human 
input.  A recursive process of comprehension, 
interpretation, reasoning, learning, and assurance is at 
the heart of artificial intelligence. 

 
Understanding: Data is input into systems, which then 
decompose and interpret the information. 
Interpretation: After receiving fresh data, the system 
analyses previously collected information to draw 
conclusions.   
Reasoning: The system generates "output" or "results" 
for an additional dataset.   
Learn: The technology is fine-tuned based on human 
input about output.   AI is a human-feedback-looping 
intelligence technology.   
Assure: AI and blockchain technologies guarantee 
security and compliance. 

The major focus of AI actuarial work is the creation 
of smart agents that can carry out certain duties 
formerly handled by human actuaries.  Because of the 
high level of complexity, time, and effort needed to do 
some of these jobs without AI, it is possible that they 
were never completed[7]. This paper focuses mostly on 
AI within a narrower subfield known as "ML," the 
branch of AI that is most relevant to actuarial 
applications at the moment.  From what we could tell 
in our research, actuaries often use the following 
methods in their jobs. 

 

Contributions of XAI in the Actuarial Context 
 
There were four main areas where machine learning 
has been applied most extensively in relation to non-
life and health concerns.  According to the constraints 
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found in the commercial usage of these strategies and 
the intensity of their employment, they are presented 
in this sequence: 
 
Marketing, product design, and commercialization 
 
These are widely utilized since AI in these tasks is not 
subject to any particular rules. The corporate use of 
this kind of method may be constrained, though, if 
management and decision-makers are not able to 
comprehend the intuitive outcomes.  By enhancing 
process development, XAI apps would enhance 
connection understanding procedures [8], and 
converting the outcomes into a common tongue [9]. 
Risk management (ALM, credit, liquidity, 
cybersecurity, etc.): In order to discover trade-offs or 
objectives through the interplay of several factors, 
comprehensive risk management entails the 
construction of complicated models. For this reason, AI 
approaches are highly beneficial for risk detection, 
prediction, management, and decision-making [10]. 
Prediction for pricing technical risks considering 
internal and external surcharges: This is one area 
where integrating AI methods would be most 
beneficial, ranging from data cleansing and processing 
to risk and expenditure categorization and prediction 
models.  But this application includes a lot of rules, 
such as not discriminating on the basis of health or 
gender [11], such as the oncological oblivion 
legislation, the need for transparent risk modeling, and 
the fact that these procedures may be audited and 
traced—all of which are essential for effective model 
governance—regardless of processing speed or 
capacity restrictions. 
Prediction for reserving (pure prospective 
technical risk): The regulations surrounding this 
process are significantly stricter than those 
surrounding pricing. Additionally, there are a 
multitude of reports and measurement conditions 
(such as Solvency II, IFRS 17, and local GAP) that all 
work together to complicate the financial reporting 
processes for companies. 
 

Core AI Technologies Supporting Actuarial Science 
 

An actuary is an expert in risk management who uses 
statistics to make predictions.  With their assistance, 
companies and individuals may prepare for the future 
and lessen or avoid losses.  As a result of their 
exceptional statistical abilities, actuaries are able to 
assess risks and uncertainties.  Many people think of 
actuarial science as a branch of statistics. However, an 
actuary really knows a lot about a lot of other 
fields[12]. Insurance premiums and risk evaluation are 
the primary goals of actuarial science, a field that 
integrates mathematics, statistics, economics, and 
computer technology.  In order to earn the title of 
"actuary," one must demonstrate mastery of this 
intricate combination of abilities via passing a battery 
of rigorous examinations[13]. It is not possible to 
become an actuary after finishing college, unlike in 

other fields.  To become a fully qualified actuary, one 
must devote around six to 10 years of study. 

As with any field, actuarial science continues to 
progress and develop from the time it began being 
practiced, due to the development of mathematics, 
statistics and technology. Since its origin in life 
insurance and mortality tables, the valuation theory 
has played a dynamic role in meeting new challenges 
and exploiting fresh opportunities in various areas of 
finance[14]. This section looks at the history of 
actuarial science, major events and innovations that 
contributed to the modern state of the field. 

The actuarial services that are carried out under an 
actuary's supervision are also their responsibility.  It is 
up to the actuary's professional judgment to decide 
whether the employment of AI technologies that are 
tailored to the actuary's specific needs constitutes wide 
supervision.  The use of AI by actuaries should be 
limited to assisting with competent actuarial practice 
and not meant to supplant human analysis and 
decision-making.  If an actuary isn't competent to do an 
actuarial service without AI, they probably won't be 
qualified to do it with AI. Hence, it's crucial that 
actuaries don't rely on AI to fill in major knowledge or 
skill gaps.  Furthermore, GenAI's answers can be 
partial, out of current, hallucinatory,1 inappropriate 
for the task at hand, or lacking in the subtleties 
necessary to provide actuarial services with 
competence and attention, making it a potentially 
untrustworthy learning source in and of itself[15]. In 
order to enhance LLM reactions whether investigating 
a topic, data source, or assessing outcomes, actuaries 
may find it beneficial to study prompt engineering. 
 

AI And Machine Learning In Actuarial Science  
 

The three main types of machine learning are 

supervised learning, unsupervised learning, and 

reinforcement learning; actuaries often have the 

greatest experience with supervised learning.  These 

are a few typical applications of supervised learning in 

actuarial science.  A supervised learning model could 

be as basic as a linear regression model or as 

sophisticated as a neural network [13]. The part of 

machine learning that deals with pattern and sequence 

recognition is called unsupervised learning.  Currently, 

actuarial science has no business with reinforcement 

learning, a subfield of machine learning that is 

described as "learning what to do—how to map 

situations to actions—so as to maximize a numerical 

reward signal." 

The use of supervised ML in the actuarial 

environment and AI that can be explained[16]. An 

actual vehicle insurance dataset was the center of their 

case study.  Finding out how this ML model interacts 

with the input is the primary goal of the research.  By 

learning the model, consumers will be able to put their 

faith in its results[1].  In addition, it will provide 

actuaries with some insight into the significance of the 
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variables and the consequences of the characteristics.  

Instead of relying just on ML as a prediction machine, 

actuaries may utilize XAI to confirm their assumptions 

[17]. The case study demonstrates how XAI enhances 

and helps the building of GLMs to achieve high 

performance.  The actuarial community makes use of 

GLM, among other model families. 

 
Machine Learning and Predictive Analytics 
 
The goal of ML is to train computers to better manage 
data.   On occasion, I am still unable to deduce the 
precise facts from the data even after reviewing it.  Put 
ML to use in such a situation.  The need for ML is 
increasing as a result of the number of datasets that are 
available.  In order to glean useful information, several 
sectors use ML.  Figure 1 shows the data that ML uses 
for its purpose.  A lot of research has focused on ways 
to teach computers new things without having to tell 
them what to do[18]. In order to solve this problem, 
which involves massive data sets, several 
mathematicians and programmers use many 
techniques. 

 
 

Fig.1 Machine Learning Techniques 
 
It is not required that the four stages of analysis be 
performed in a certain order.  However, once you know 
what and why, you want to harness the data into even 
more important insights, so normally you go from 
descriptive to diagnostic and then predictive.  
Algorithms are able to provide surprisingly accurate 
predictions by analyzing your data via thousands—if 
not millions—of potential correlations and links.  
Predictions on which prospects will purchase which 
items and for what reasons could fall under this 
category in sales [19]. Utilize massive datasets to 
"train" your prediction models in order to get this 
degree of understanding.  You may, for instance, own 
data pertaining to certain KPIs pertaining to your sales 
representatives that span a whole year.  So, you're 
interested in seeing how well those key performance 
indicators (KPIs) forecast real sales.  To do this, sum up 
all of the real sales data for the sales representatives in 

the first half of the year to the first half's KPIs.  Analyze 
the numbers to find out how strongly the KPIs 
correlate with sales; this will be your prediction model. 
It is desirable to base judgments on your prediction 
model if it is robust enough.  Testing it is a 
prerequisite, though.  To do this, simply run the same 
model using the key performance indicator data for the 
other half of your salespeople.  Comparing the key 
performance indicator data of your second-half 
salespeople with their own data from the whole year is 
a good idea.  A more reliable prediction model is one in 
which there is less variation in results between the 
two. 
 
Understanding AI  
 
Understanding AI involves four key points, each 
covering essential aspects of the section. These points 
provide a structured approach to analyzing AI's impact. 
 
Evolution of artificial intelligence 
 
The development of AI, as seen in Figure 2, is evidence 

of the dogged quest for information and innovation 

that has persisted over many decades.  The field of 

artificial intelligence has been fundamentally altered 

by the paradigm upheavals and revolutionary advances 

that have occurred along this extraordinary path[20]. 

This section draws attention to the important 

developments and groundbreaking contributions that 

have shaped AI to its present day.  Understanding these 

significant advancements allows us to see the big 

picture of how far AI has come, showcasing the 

creativity and perseverance of researchers who have 

taken it from a theoretical concept to a real-world 

application, changing our perspective on and 

interaction with AI for the better. 

 

 
 

Fig.2 Evolution of AI 
 
Artificial Intelligence applications in various sectors 
 
AI is changing the game in several industries. Its 
applications are quite versatile and have changed how 
objects are solved and tasks are carried out, as well as 
how decisions get reached. This idea is further 
explored in this section by Figure 3 in the following 
context, taking into account a few distinct areas where 
AI has made a lasting impact, understanding the 
revolutionary impact on sectors including healthcare, 
finance, transportation, manufacturing, HRM, and 
entertainment[21]. Remarkably, the adaptability and 
potential of AI can be seen in the various industries in 
which it is uniquely used by each sector. 
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Fig.3 AI Applications in various sectors 
 
The effects of AI in several sectors, including banking, 
production, HR, media, medicine, transportation, and 
the entertainment industry. Consequently, AI adds to 
automation, decision-making, and efficiency in these 
areas by means of predictive analytics, fraud detection, 
personalized recommendations, and autonomous 
systems; all arouse innovation and transformation. 
 
Ethical considerations in artificial intelligence 
 
The emphasis is placed on the fact that critical ethical 
issues with respect carried out with the exponential 
growth and pervasiveness of AI, as seen in Figure 4, 
necessitate thoughtful analysis.  Questions about 
algorithmic bias and privacy issues are addressed in 
this section by utilizing the gateway [25] and the 
problem of accountability to unpack the questions at 
the heart of the theories and practices of employing AI 
technologies and their broader societal implications. 
The presence of these Ethical dilemmas serves to 
emphasize the importance of knowing the Ethical 
landscape around AI, which serves to provide the basis 
for the subsequent more in-depth analysis of the multi-
faceted Ethical challenges that have arisen with 
artificial intelligence so rapidly developing. 
 

 
 

Fig.4 Ethical considerations in AI 
 
Artificial intelligence and society 
 
A new era of wide adoption of AI is occurring that will 
profoundly affect society. This segment is devoted to 
an investigation of how AI has affected so many things 
in our daily lives, as seen. This will take us into the 
implications caused by the still emerging employment 
markets dominated by AL-driven automation and 
augmentation. Furthermore, examine how the field of 
education, governance, and all the various social 
problems that emerge from brought about by AI is 
changing. It serves as an introduction into the in-depth 
study of the relationship between the AI and the 

society, both in terms of opportunities and challenges 
which are raised by the technological revolution. 

 
 

Fig.5 AI and society 
 
In Figure 5, mention is made that due to the ethical and 
legal ramifications of integrating AI into society must 
be considered. Matters of ethics involve fairness, 
accountability, and transparency in the use and 
development of AI technologies on account [22]. 

 
AI-Actuary Collaboration: The Future Of Work 
 
AI-driven risk management is a transformative change 
from conventional statistical methods to well-
developed machine learning techniques.  Empirical 
studies in recent years have shown that AI-powered 
risk management systems lead to a 2.3 petabytes per 
day processing of financial data so that they can 
achieve a 73.8% improvement in risk prediction 
accuracy against conventional statistical models across 
major financial institutions.  According to 
comprehensive research across 127 financial 
institutions, these systems can identify complex 
patterns and correlations with 86.9% accuracy, 
significantly outperforming traditional analyst-driven 
approaches that averaged 42.3% accuracy.  
Furthermore, the implementation of AI-driven systems 
has led to operational cost reductions averaging 39.5% 
across surveyed institutions. The evolution of data 
collection and processing infrastructure in modern AI 
risk management systems has reached unprecedented 
levels of sophistication[23]. contemporary systems 
have demonstrated the capability to process financial 
transactions at rates exceeding 850,000 per second, 
maintaining an accuracy rate of 99.95% in real-time 
classification scenarios[24].  integration of alternative 
data sources has expanded significantly, with advanced 
systems now analyzing approximately 143 distinct 
data points per customer, including detailed digital 
interaction patterns, transaction behaviors, and market 
activity correlations.  the implementation of high-
frequency data processing has achieved average 
latency rates of 75 microseconds, enabling near-
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instantaneous risk adjustments based on market 
movements and customer behavior patterns. 
 
AI’s Role in Improving Risk Modeling 
 
Particularly when used to fill high-value use cases, 
certain AI models may be quite complicated.  
Furthermore, due to the rapid evolution of the AI field 
and the regular emergence of new models, concepts, 
and architectures, keeping up with technological 
advancements is not easy.  Moreover, several 
commercial solutions provide "automated" methods 
for training models, which can enable modeling with 
little to no knowledge of the risks, benefits, and 
drawbacks of the techniques used.  Additionally, there 
are more and more publicly accessible pre-trained 
models in the fields of computer vision and natural 
language processing that are open to use or 
modification.  In terms of organizational awareness 
and model risk comprehension, these occurrences 
provide difficulties.  When evaluating a model, 
conceptual soundness and suitability are two 
important factors to take into account. AI systems 
acquire assumptions about actual cause-effect 
connections through data exposure, which makes their 
internal logic difficult to see. This is in contrast to many 
traditional models that reflect well-established 
assumptions about actual cause-effect relationships 
(e.g. pricing models, physical processes models).  The 
assessment of conceptual soundness is frequently 
more difficult with vendor or "out-of-the-box" models 
due to their high complexity, rapid evolution, and 
versatility.  There are some general rules of conceptual 
soundness that are generally applicable and work well 
with AI/ML systems, even if the specifics will change 
depending on the circumstances of each situation. 
 
The Impact of AI on Underwriting and Claims 
Processing 
 
Pricing and underwriting benefit from processing 
massive amounts of data with increasingly complex AI 
systems because it makes it possible for insurance 
companies to underwrite risks more effectively and set 
rates that are more in line with the different risks and 
the unique characteristics of each insured person[25]. 
In this approach, low-risk customers can enjoy cheaper 
premiums overall, while high-risk customers who have 
had problems getting insurance in the past may find it 
easier to do so (for example, young drivers who install 
black box devices in their vehicles or customers with 
specific medical conditions who wear connected 
wristbands and share their data with their insurance 
providers).  Insurance companies "price optimization" 
techniques, which assess customers' price elasticity or 
propensity to switch providers based on a variety of 
non-risk characteristics, are another concern from the 
consumers' perspective. 

 
Literature Of Review  
 
This section explores actuarial science in the Age of AI 
Collaboration, emphasizing AI's impact. It examines 
how AI enhances risk assessment and decision-making. 

S, Narenthranath and Krishna (2024) The processes 
that occur behind these decisions. This gives us an idea 
of why the AI has chosen a particular sentence instead 
of the other. It covers the most significant advances of 
XAI techniques to resolve such complexities. Attention 
visualization, feature importance analysis and 
counterfactual explanations, are among the methods 
used to get insights into how decisions are made. These 
techniques gain reliability by giving a voice to complex 
processes and solving real-world problems. That 
makes it trustworthy and with more transparency. The 
ethical concerns can be addressed by XAI, as can the 
user trust and the Human-AI collaboration [26]. 

Shenoi et al. (2024) deal with the critical dimension 
of Human AI collaboration mainly and analyze AI in the 
light of workforce transformation. It uses a 
multidisciplinary approach that highlights the spirit of 
dancing between humans and AI through which 
humans’ intelligence is not separate from machine 
capabilities. The collaborative effort is assessed in 
terms of impacts, advantages and challenges, and 
practical insights for a harmonious coexistence of 
humans and AI are provided. This study contributes to 
a deeper understanding of future work and the 
human–AI collaboration to transform the workforce by 
analyzing the role of Human–AI collaboration [27]. 
Darwiesh et al. (2024) A strategy for improving the 
quality of health care decision making via rigorous 
process analysis of social media customer interactions 
on Twitter, with AI support to assess and manage the 
resulting risks. We propose the use of machine learning 
models to outperform traditional lexical approaches, 
addressing the complexities inherent in risk detection. 
Natural language processing methods are employed to 
efficiently process and analyze textual data, enabling 
healthcare institutions to make informed decisions 
about risk management. By leveraging customer 
feedback from the X platform, our approach aids in the 
development of effective healthcare programs by 
identifying and classifying risks. They create three 
specialized datasets for risk analysis, risk assessment, 
and hazard classification to optimize the training and 
deployment phases[28].  

Darwiesh et al. (2024) the main barriers to creating 
accessible web forms and investigates how generative 
AI technologies can provide solutions. We highlight 
core issues such as accurate labeling, keyboard 
navigation, error management, focus control, visual 
design factors, placeholder text usage, assistive 
technology compatibility, handling of complex inputs, 
responsive design, cognitive load reduction, and 
ongoing testing. For each of these challenges, we assess 
its effect on accessibility and present innovative AI-
driven strategies. Our findings illustrate how AI can 
streamline the development process by automating 
label generation, improving tab indexing, enhancing 
real-time error detection, refining focus control, 
offering contrast improvement suggestions, and 
simulating interactions with assistive technologies. We 
conclude that incorporating generative AI into web 
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form development can markedly improve accessibility, 
making digital experiences more inclusive for users of 
all abilities[28]. 

Kunal, Rana and Bansal (2023) explore the possible 
uses, difficulties, and essential elements for effective 
human-AI cooperation of OpenAI technologies, with an 
emphasis on these aspects.  The study offers case 
examples of fruitful partnerships together with their 
difficulties and lessons discovered, along with the 
potential of OpenAI tools in the future.  The report 
ends with suggestions for more research on human-AI 
cooperation, highlighting the significance of developing 
and utilising AI systems responsibly for the good of 
society[29]. 

Gamoura (2023) gives practitioners and scholars a 
thorough grasp of the developing XAI paradigm, 

assisting them in determining the direction of their 
future research.  Second, it offers a fresh classification 
of XAI models with possible uses that can help make AI 
more palatable.  Existing models are primarily 
theoretical and have few real-world applications, 
despite the academic literature reflecting a critical lack 
of investigation into the full potential of XAI.  This 
study establishes the scientific underpinnings of XAI in 
the approaching era of Digital Management, breaking 
new ground by bridging the gap between abstract 
models and the practical deployment of XAI in 
management 5.0[30]. 

This study presents a literature review summary, 
covering objectives, key focus areas, limitations, and 
future work. 

 
Table 1 Summary of literature review based on Augmenting Actuarial Intelligence 

 

Study Focus Area Main Objective Key Methods Applications 
Challenges 
Identified 

Future 
Implications 

S. 
Narenthranath 

& Krishna 
(2024) 

Explainable AI 
(XAI) 

Techniques 

Understanding 
AI decision-

making 

Attention Visualization, 
Feature Importance, 

Counterfactual 
Explanations 

Ethical AI, 
Trust, 

Transparency 

Complexity in AI 
decision-making 

Enhancing AI 
transparency, 

improving 
trust 

Shenoi et al. 
(2024) 

Human-AI 
Collaboration 

Workforce 
transformation 

through AI 

Multidisciplinary 
approach 

Workforce 
transformation 

Balancing 
human-AI 
synergy 

AI’s role in the 
future 

workforce 

Darwiesh et al. 
(2024) 

(Healthcare AI) 

AI-driven Risk 
Analysis in 
Healthcare 

AI-based risk 
detection from 

social media 

Machine learning, NLP, 
Twitter analysis 

Risk 
management in 

healthcare 

Traditional 
lexical 

approaches are 
insufficient 

AI-driven 
strategies for 

better 
healthcare 

risk 
management 

Darwiesh et al. 
(2024) (Web 
Accessibility) 

AI in Web 
Accessibility 

Generative AI 
for web 

accessibility 

AI-driven label 
generation, real-time 

error detection 

Accessible web 
development 

Poor accessibility 
standards in web 

forms 

Improved AI 
tools for 

accessibility 

Kunal, Rana & 
Bansal (2023) 

OpenAI Tools 
in Human-AI 
Collaboration 

Evaluating 
OpenAI tools for 

collaboration 

Case studies, practical 
insights 

AI-human 
collaboration in 

various fields 

Ethical concerns, 
responsible AI 

usage 

Advancing AI-
human 

collaboration 
with 

responsible 
development 

Gamoura 
(2023) 

Explainable AI 
(XAI) in 

Management 

Establishing 
taxonomy & 

applications of 
XAI 

XAI taxonomy, model 
classification 

AI adoption in 
Digital 

Management 
5.0 

Lack of real-
world XAI 

implementations 

Bringing 
theory and 
practical AI 
applications 

closer 
together. 

 
Conclusion And Future Work 
 
Actuarial science has significantly evolved with the use 
of artificial intelligence and machine learning to 
improve decision-making, risk management, and 
predictive analytics. The adoption of explainable AI 
(XAI) in actuarial applications ensures transparency, 
interpretability, and compliance with regulatory 
frameworks, particularly in pricing, reserving, and risk 
assessment. AI-driven models are widely applied in 
non-life and health insurance, enabling actuaries to 
develop more accurate forecasts, optimize financial 
planning, and improve overall risk mitigation 
strategies. Regulatory restrictions, data limits, and the 
need for human oversight in AI-based decision-making 
are the two remaining issues with the technology. It is 

important for responsible use of AI in actuarial practice 
which calls for a balance between automation and 
professional judgment by actuaries for taking 
advantage of AI tools. Yet the use of AI has greatly 
changed the applications of actuarial science, so the 
limitations include model biases, lack of 
interpretability in the complicated deep learning 
algorithm, and the dependence on large and accurate, 
ready datasets, as they may not always exist. 

Future research ought to concentrate on correcting 
biases, guaranteeing ethical AI deployment, and 
enhancing the robustness and equity of AI models in 
actuarial science.  Predictive accuracy and flexibility 
may be improved by using hybrid models that include 
cutting-edge AI algorithms with conventional actuarial 
methodologies. Furthermore, it may also make it 
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possible to exploit reinforcement learning techniques 
for the optimization of financial and insurance 
strategies. Additionally, other studies should also 
investigate the role of AI in actuarial governance 
better, as for example, to improve regulatory 
compliance and model interpretability. AI-driven 
solutions in risk assessment and dynamic pricing have 
a high propensity to be advanced and are promising 
keys to the revolution of the industry. 
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