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Abstract 

 

In the US, 60% of adults had a chronic condition in 2020, with an estimated 9 out of 10 over age 50, and 7 out of 10 

premature deaths due to chronic conditions each year. Such alarming statistics indeed imply a significant burden on 

the healthcare system that not only incurs costs but also challenges lifestyle changes among those affected. It is no 

surprise that employers, who care about the health of their employees, have gradually joined forces with insurance 

carriers to implement incentives in health insurance plans, aiming to induce lifestyle changes and solve the associated 

health behavior problems. Those incentives ideally should cover comprehensive care but typically focus on preventive 

and wellness care, as well as chronic care. These incentives also exhibit the dilemma of unresponsiveness among 

participants, as they need to trigger interest, maintain engagement, and sustain lifestyle changes. In this research, we 

propose the use of artificial intelligence in insurance plans to address the identified dilemma. 

As developed in the existing applied marketing research, mass customization programs have shown great potential to 

tackle the identified dilemma by providing products or services tailored to individual desires, ultimately optimizing 

customer satisfaction. The ability to learn and adapt to individual members under AI techniques, in combination with 

information technology for large-scale data collection and comprehensive method design, enables the development of 

AI in the mass customization of insurance plans. Emphasis on preventive care and wellness care under AI-driven 

incentives further magnifies opportunities to unlock the dilemma and emphasizes long-term impacts. As the individual 

incentive design integrates various preventive measures such as exercise or nutrition counseling and examines 

multidimensional individual characteristics, including basic profiles, medical history, insurance claims experiences 

and personal preferences, the AI-driven incentives spearhead the evolution of actuarial science and health economics 

where prevention is more powerful and financially beneficial than treatment. 

Keywords: Chronic conditions, Healthcare burden, Premature deaths, Lifestyle changes, Health behavior problems, 

Employee health, Health insurance incentives, Preventive care, Wellness care, Chronic care, Insurance carriers, 

Artificial intelligence (AI), Unresponsiveness dilemma, Mass customization, Customer satisfaction, Individualized 

care, Data collection, Health economics, Actuarial science, Preventive measures.

1. Introduction 

 

Creating patient incentives for positive health 

behavior is a two-objective problem. It includes 

providing conditions for the patient to feel personally 

invested in the outcome while putting constraints to 

award the patient only if the latter has done something 

to improve his or her health. The results promise 

potentially lower payouts. The insurance company is 

willing to implement the plan if they see a path to 

lower subsidies years down the road when they plan to 

switch from payments based on retrospective studies 

to prospective contracts. 

The research is based on the premise that the 

interaction between an insurance company and its 

members is limited to the subscription timing, patient 

incentives to reduce claims payment, and payments 

themselves. The insurance company is not interested 

in the health status of the members, and the members 

are not interested in the particular excise. These 

interactions relate to the customization of health plans 

specific to each member. The advantage of using an 

individually tailored approach is that the plan 

incentivizes each member to take ownership of their 

health. This is in contrast to the bulk preventive care 

mass marketing that works on a principal-agent 
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framework in which the agent is being paid a fixed fee 

regardless of health outcomes. The health 

improvement, if achieved at all, is not managed 

effectively, as the agent can still make enough money 

regardless of the patient's health management 

approaches. 

 

1.1. Background and Significance 

Health insurers are under growing pressure to improve 

risk selection and efficiently manage the wellness of 

their populations. The dual objective of targeting the 

right care for their members for better health 

outcomes, and also efficiently managing spending on 

health improvement, is made more challenging in our 

new normal: the aging of the population, the rise of 

chronic conditions, and the influence of lifestyle 

factors among individuals, such as physical inactivity, 

unhealthy dietary behavior, and smoking. Meanwhile, 

advances in digital platforms, data analytics, as well as 

advances in genetic research, and especially the 

widespread use of smartphone apps and wearables, 

have made it possible for insurers to better understand 

the health behavior of their members, create more 

targeted and personalized solutions for improving the 

health of their members, reward their members for 

engaging in healthy activities, and include these 

healthy incentives as part of their value-added 

insurance plan offerings. Consequently, to align 

patient health interests with the company's strategic 

goals, some companies have used various types of 

health and wellness incentives to encourage healthful 

behaviors from different perspectives. However, the 

effectiveness of such health incentives on interests is 

unclear or has shown insignificant changes or weak 

effects. Such one-size-fits-all approaches fail to 

acknowledge the dynamic patient characteristics and 

rapidly changing health behavior patterns of each 

cohort or individual distinctive in this big data era. 

Premiums are determined after matching anyway and 

health outcomes. The complexity of using preventive 

healthcare, however, is that apart from economies of 

scale and moral panic theory, additional benefits may 

not arise from the class of preventive care. 

 
      Fig 1 : Artificial intelligence in health insurance 

 

1.2. Research Objectives 

Currently, each member within an insurance program 

is offered fixed incentives to participate in a range of 

standardized preventive care services. The focus of 

this research is to transform these incentives into 

personalized insurance plans driven by AI and 

behavioral economics to influence member behavior. 

In this new setup, each member interacts with the 

insurance program as if it is developed specifically for 

the member. We anticipate that our proposed 

framework will substantially increase the 

effectiveness of these health insurance programs, 

leading to fewer health complications and 

significantly lower premium values for insured 

members. Indeed, we have formulated our research 

objectives with the primary aim to achieve the 

following: - Develop a large-scale data-driven 

membership segmentation model of varying health 

insurance program members such that members can be 

effectively allocated to appropriate segments. - 

Measure member engagement metrics and explore 

leverage points to enhance these metrics. - Design and 

analyze a comprehensive range of incentive structures 

within the genetic matching models utilizing both 

personalized and aggregate models. - Audit the 

regulatory and other limitations of our framework. 

Due to privacy and generalizability in insurance 

domains, we do require models that are disciplined and 

interpretable. 
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Equation 1 :  Health Behavior Change Model 

(Impact of Incentives on Behavior) 

One way to model the relationship between incentives 

and behavior is by using a logistic growth function that 

models an individual’s willingness to adopt healthier 

behaviors: 

Hi0: Initial health behavior score (before incentives 

are introduced). 

 

𝑘: Sensitivity constant that determines how quickly 

health behavior improves in response to the incentive. 

 

The term 𝐼𝑖(𝑡)⋅𝑈𝑖(𝑡) represents the combined impact 

of the incentive amount and the individual's 

engagement level. A higher incentive or greater 

engagement leads to faster improvement in health 

behavior. 

 

2. Literature Review 

 

The study of incentives is long-standing in finance and 

economics research. Health economists have long 

grappled with the issue of how to compensate 

healthcare providers for the care they offer, as well as 

how to design and align the incentives within health 

plans to encourage desired health behaviors. Evidence 

suggests that patient insurance coverage can have 

counterproductive effects on behavior when 

physicians have financial incentives to overtreat, while 

there is a negative effect on patient compliance with 

medication and lifestyle changes due to the use of co-

payments, which may be prohibitively expensive for 

some patients. There are also positive effects of 

financial incentives on disease management through 

medication. Focusing on a combination of low and 

high-reward objectives rather than zero or solely high-

reward objectives makes it more likely that changes in 

health will occur. Mandatory employee interest in 

health-related activities has positive effects on short-

term program participation. 

A survey of insurers indicates that a significant 

majority view AI as playing a useful role in driving 

health-related lifestyle improvements. The advent of 

more advanced data-driven methods and predictive 

models has led to a new era of value-based health: the 

use of predictive analytics to improve underwriting, 

claims management, and the identification of 

healthcare providers based on their historical 

behavioral treatment patterns. Such efforts have a very 

advantageous return on investment for senior 

executives in health plans. We contribute to AI-driven 

incentive solutions in the health insurance industry, 

increasing member participation in health-related, 

incentivized program activities and a significant 

reduction in future healthcare costs related to 

morbidity reduction. Our designed models are 

privacy-preserving and realistic, actually driven by the 

financial incentives existing across multiple 

programming activities. Such financial incentives are 

used to enable low premiums that are not dependent 

on short-term, personalized health behavior intentions 

and simulation analytics to embody the actions of 

complex, data-rich individuals at the intersection of 

insurance and health preventive policies. 

 

2.1. AI in Healthcare and Insurance 

AI and big data technologies have drastically 

redesigned various aspects of healthcare, ranging from 

preliminary diagnosis to treatment plans and even 

surgical robotics. In applications like real-time patient 

monitoring, telemedicine, image analysis, natural 

language processing in electronic health records, 

clinical reasoning, drug discovery and development, 

personalized medicine, and artificial intelligence-

driven cancer genome data mining, AI algorithms 

have been demonstrating state-of-the-art performance. 

Healthcare is also one of the industries where AI 

applications are particularly successful because it is 

deeply data-intensive, and AI algorithms require high-

dimensional data. Advanced AI technologies promise 

not only better-targeted and more timely intervention 

but also lower costs and improved preventive care, an 

essential component in a health insurance system 

aimed at maximizing the quality of care while 

minimizing the need for costly medical interventions. 

Emerging ICT technologies have not only improved 

the performance of AI algorithms but have also 

transformed their applications. For example, via 

miniaturized, low-cost, and energy-efficient sensors 

and connected digital devices, it is possible to 

continuously collect high-frequency, high-

dimensional data streams from individual patients, 
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such as daily activity patterns, heart rate, blood 

pressure, sleep patterns, stochastic heart rate 

variability, respiration, temperature, and 

electrocardiograms. The collection of these 

individualized big data generates fine-grained, near-

universal, longitudinal traces of health status that 

provide far more comprehensive and holistic pictures 

of individual health than infrequent observations or 

point-in-time measurements that were previously 

available. On the model side, modern machine 

learning techniques are particularly good at distilling 

the signals that are highly predictive of individual 

health risks and health outcomes and extracting 

patterns that provide clinically relevant insights. These 

advancements mark the beginning of an era in which 

human physicians, armed with machine learning 

support, can continuously and remotely monitor and 

interpret high-dimensional health activities and data 

streams of millions of patients, detect early indicators 

of health degradation, diagnose symptomatic signals, 

and implement preventive interventions and treatment 

plans for various chronic diseases. 

 

 
      Fig 2 : AI in Healthcare and Insurance 

 

3. Methodology 

 

3.1 Architecture We use Explainable AI to present AI 

recommendations that are interpretable to physicians. 

We have put in place a multi-phase Explainable AI 

model incorporating a binary-outcome Elastic Net 

model followed by an L1 penalty, which is globally 

and locally interpretable. When the predictive models 

predict a bad outcome for an individual, the model 

reflects and provides a small set of interpretable 

recommendations to the physician based on a list of 

individuals who earlier experienced similar clinical 

conditions. 3.2 Data We analyzed datasets from both 

the inpatient and outpatient data of a large nationwide 

insurer. Our data spectrum includes claims at the 

Current Procedural Terminology level, members' 

demographic information, medical procedures, 

diagnosis codes, and pharmacological treatments. 

Pathological arrangements are formed based on 

members' diagnoses, procedures, and drug treatments 

within a 365-day window. 3.3 Design Rationale 

Despite recent advances in data science in healthcare, 

including machine learning and artificial intelligence, 

the ability to assess Personal Health Care 

Predictability over 12 months for insurance members 

remains an unsolved problem. To offer ways to assess 

likely future plaques for personal preventative care 

and to entice constructive behavior, we took a unique 

approach that is accurate and sufficiently simple to 

implement in a practical setting for corporate 

insurance plans. 

 

3.1. Data Collection 

One of the central challenges in the development of 

any personalized insurance plan is the process of 

securing the data needed to produce actionable 

suggestions. This is a well-studied challenge in the 

health and actuarial sciences. In the United States, for 

example, insurance companies have at their disposal a 

wide variety of data sources, such as patient health 

records, pharmacy claims, demographic and 

geographic data, and policies, premiums, and 

membership data. While sophisticated statistical 

techniques have been developed to correct selection 

and classification errors, moral hazards, and adverse 

selection, these models and methods rely on relatively 

few variables that are only weak proxies of the 

member’s overall health. With permission from the 

patient, insurers can now access and use data from 

various monitoring and fitness apps that quantify the 

patient’s activity, sleep, weight, calorie intake, heart 

rate, blood pressure, and so forth. However, the data 

typically remain limited to these few variables and are 

not integrated with other information. 

In our work, we consider a substantially larger dataset, 

which we believe is much closer to the ideal 

information that an insurance company may wish to 

collect to personalize incentives. Specifically, we 

study the data that can be collected from IoT-enabled 

home environments. These environments are based on 

a growing variety of sensors, such as cameras, 

microphones, accelerometers, thermal and proximity 
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sensors, and other types of devices that can detect 

interactions with the environment. Our research group 

has been developing a sensor platform, which has been 

deployed and tested in a wide variety of community 

and clinical environments. In the context of a home, 

sensors offer a rich, yet discreet, way to capture a 

person’s daily interactions and routines. Such 

interactions are closely related to many important 

aspects of an individual’s social determinants of 

health. At the same time, they can be biased, recording 

only part of an individual’s daily activities, and usually 

involve identifying sensitive information, such as 

people’s faces and voices. Thus, integrating data from 

IoT sensors into preventive systems is a non-trivial 

task and represents the first challenge we tackle. 

 

Equation 2 : Health Risk Reduction Model 

Health risk can be modeled as a function of behavior 

change and preventive care efforts:

𝑅𝑖0: Initial health risk score. 

 

𝑎: Effectiveness of behavior change in reducing health 

risk. 

 

𝑏: Effectiveness of preventive care in reducing health 

risk. 

 

𝑃𝑖(𝑡): Preventive care interventions (screenings, 

check-ups, health coaching, etc.). 

 

The model suggests that both improved health 

behavior (𝐻𝑖(𝑡)) and preventive care efforts (𝑃𝑖(𝑡)) 

reduce the overall health risk score, 𝑅𝑖(𝑡), but their 

relative contribution is controlled by the constants 𝑎 

and 𝑏. 

 

3.2. Data Analysis 

Determining individual incentive plans is at the core 

of creating AI-driven personalized preventive care for 

human beings. The cornerstone is about 

individualizing health benefits or contribution support 

needs as closely as possible. In healthcare plan support 

designs, risk adjustment models have been used in 

some operations. It helps health portfolios be weighed 

properly. However, increasing healthcare expenses 

keep reflecting the high prevalence and poor control of 

chronic conditions. Most insurance plans currently 

focus on younger, healthier members, and thus, even 

rewards for good behaviors, like stopping smoking 

and achieving a healthy weight, are largely missing. 

The company provides health data gathered through 

health exams as well as questionnaires. This data is 

useful and used to analyze health indices with AI, 

which can then help determine personalized health 

plans to support such great behaviors among its 

employees. 

This paper proposes a method to realize an AI-driven 

personalized health support plan to nudge a health 

member and promote the improvement of health 

indices. A training dataset is used that consists of 

information about health examinations and datasets 

about points with personal contributions. Personal 

contribution points of health members are divided into 

classes. The higher the contribution, the greater the 

wellness data and model training function of each 

member. The results obtained can be used to determine 

the optimal health support for each member. If a 

member achieves wellness operations, the member 

receives more contribution support. Data were 

obtained for information about members over three 

health exams and a wellness plan. With data, 

healthcare examinations, and individual support 

contacts, a data-based outcome to engage members in 

health was achieved. In addition to these results, 

guidelines and next steps for traditional program 

evaluation could be provided. 

 

 
                Fig 3 : Data Science in Insurance 

 

4. Results 

 

In Table 1, we present the descriptive statistics of the 

study population, derived from the claims data in 2017 

and used to train our incentive prediction model. 
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Among the claims in our training data, 11% were 

focused on claims potentially incentivized, which 

indicates that 89% of the opportunities to encourage 

health behavior are not taking place. Nearly a third of 

the members had at least one claim on incentivized 

preventive care, although many of these were not 

actual incentivized claims with financial benefits. 

Around 23% of the members had availability of 

vitamins, diagnostic, or treatment programs. Just 

under 1% had robotic surgery or small joint injections 

on hand. Again, for most of the screenings or 

immunizations, the percentage was very small (under 

0.1%). This implies that setting the incentive for 

primary providers or health plans for preventive care 

for those who are predicted and pre-determined by our 

validated model would prevent unnecessary and over-

testing of the entire elderly population. 

The other half of the data, which contains lab results 

of inflammatory assessment and health risks, indicates 

that 80% of members had lab tests related to 

inflammation. The tested inflammatory and other 

health risks were 1% of cardiac arrest, 2% of cancer, 

3% of chronic kidney disease, 5% of congestive heart 

failure, 7% of diabetes, and 7% of symptomatic 

hyperglycemia. The remaining data in 2017 contained 

the members’ demographic information including 

city, state, gender, age, and self-reported race: British 

Isles, Eastern Europe, Russia, Germanic Europe, 

Scandinavia, Southern Europe, EU countries, British 

Isles, Mixed, and others. 

 

4.1. Impact of AI-Driven Incentives on Member 

Health Behavior 

AI-Driven Incentives in Insurance Plans: 

Transforming Member Health Behavior through 

Personalized Preventive Care 

4.1. Impact of AI-Driven Incentives on Member 

Health Behavior 

In 2018, a new, unique incentive for eligible members 

to get preventive care and be healthier was created. 

The program called the “Preventive Health” reward, 

gives members on individual insurance plans the 

opportunity to earn up to a $3 gift card each month 

when they get routine preventive care, like an annual 

checkup, flu shot, mammogram, prostate exam, colon 

cancer screening, or more than 100 other services. Of 

course, the incentive is only eligible for care that is 

recommended based on the member’s age, sex, and 

health history. Luckily, AI-driven member profile 

technology and personalized care recommendations 

engine are up to the challenge. 

It has already been shown that members respond well 

to traditional, biometric-based incentives. So far, 

reward or no reward, there have been 18,000 and 

25,000 “Preventive Health” activities completed by 

individual members with HSA or non-HSA eligible 

plans, respectively. Members across the same plan 

type have also increased preventive health visits due 

to the “Preventive Health” incentive. 

 

 
           Fig 4 : AI in The Insurance Industry 

 

5. Discussion 

 

Health maintenance behaviors like exercise, nutrition, 

and staying on top of preventive care are essential for 

healthy lifestyles. Preventive care, routines that can 

prevent a catastrophic health event, save lives, and 

reduce healthcare costs, are generally underutilized. 

They have been historically pushed by health insurers 

and employers through financial incentives. When 

properly structured and well-targeted, these incentives 

can be effective at changing individual behavior and 

maintaining long-term behavior change while aligned 

with broader public health goals, driving better public 

health outcomes. This can substantially increase the 

likelihood of attaining national health spending 

growth thresholds, which imply that the structures 

used to align consumer incentives are not only 

persuasive to aid consumer decisions to be healthier 

but also consume fewer healthcare dollars and are 

effective in promoting public policy goals of reducing 

aggregate healthcare expenditures for the country. 
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With the growing trend of automation of decision-

making processes, providing the consumer with the 

influence to choose meaningfully and make intelligent 

decisions regarding insurance benefits through tailor-

made planned structures could result in the juxtaposed 

merge of AI and consumer satisfaction. Insurance 

consumers and brokers are business partners. State 

laws require coordinated flexibility for both policy 

forms. For instance, the Model Act forbids any 

discriminatory activities of using AI in flexible forms 

while claiming that the insurance company should 

treat the consumer courteously. This, as previously 

emphasized, can lead to adverse results and goals. 

Based on the current outcome of consumer incentives 

on healthcare performance, outcomes, and value, 

aspects of consumer incentives like coverage and 

structure design and the experience of participating in 

AI can be important in tailoring the value proposition 

and goals of consumer health incentives. 

 

5.1. Implications for Insurance Industry 

Insurer interest in using gainful incentives to 

encourage prevention and behavior modification is not 

new. Advances in machine learning, together with 

existing research based on behavioral economics and 

predictive modeling, now make it possible to design 

tailored incentive plans to appeal to individuals who 

are highly uncertain about their health risks, who have 

time-inconsistent preferences, or who hold incorrect 

beliefs. In the presence of such concerns, incentive 

plans that demand timely attention are particularly 

promising. 

Creating highly personalized incentives need not raise 

health care costs: by reducing overuse, harm to 

patients, and wasted money, transformations in 

provider behavior make it feasible to include elements 

of high-powered incentives. 

Effective preventive care opportunities generated by 

personalized incentives can complement predictions 

of individual medical spending and make it more 

attractive to design longer-term health incentives 

directly into health insurance plans. AI-driven 

incentive designs aim to engender changes in 

expectations and thereby stimulate interest in 

adherence to the health program offered. The 

prevention on offer needs to meet the test of not being 

actively disliked and, again, combining personalized 

incentives with increased rates of capital investment 

can help. 

New technology deployment can enable more 

information to be transmitted more often, in an 

acceptable form, potentially neutralizing time-

inconsistent preferences, but an extension of the 

healthcare system's capacity needs to be a priority. AI-

incentive technology that makes prevention well 

communicated offers high differential value to at least 

like-minded insured individuals and can transform the 

experience of buying and using a health insurance plan 

itself. The concentration of plans on value versus 

volume will bring personalized communication 

specifically and high-quality component care delivery 

generally alongside the purchaser's emphasis on 

effective health insurance market leverage. The 

resulting overall design will also benefit from 

increased cognitive dissonance among providers as 

less benighted clinical decision-makers themselves 

provide more cost-effective good practices. 

 

Equation 3 : Incentive-Engagement Effect 

To account for the fact that incentives drive 

engagement, we can model engagement 𝑈𝑖(𝑡) as a 

function of the perceived value of the incentive 𝐼𝑖(𝑡):

c: 

A constant representing the baseline engagement level 

or the minimum threshold to trigger user participation. 

 

This model captures diminishing returns: as the 

incentive increases, engagement increases, but at a 

slower rate beyond a certain point. 

 

 
                Fig 5 : The Future of Insurance 
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6. Conclusion 

AI-driven incentives are a powerful tool to transform 

member health behavior. It can help members not only 

to know what benefits are available within their 

insurance plans but also to understand what is 

recommended given their health risks. With 

incentives, members get rewarded for taking their 

prescribed preventive measures, and promoting the 

required and recommended health behaviors. The AI 

framework provides greater impact by using 

members’ health risk and their insurance plan policy 

description. We envision this framework to be adopted 

by all offering customizable insurance policies, 

aligning the insurer, employers, and the members’ 

interests. In current adoption, although the focus of 

this design is by an insurance company, it could be 

equally viewed as an employer plan design. This 

framework with plausible incentives can enable 

insurance to do what it’s designed to do. The 

collaborative view from the employer, employee, and 

insurer perspective provides the required health focus 

benefiting all parties. With a larger dataset, the 

framework would be better for better predictions of 

each employee’s health needs. 

Previous implementation of AI in healthcare is 

designed in the guidance of clinical duties either as a 

replacement or an assistant to healthcare professionals 

and lacks integration with effective healthcare 

delivery and consumerism view. The present 

framework enables insurer policy to be more effective 

in guiding their members to use the benefits as 

prescribed. We are not increasing the fear of using 

health benefits and warranties to cover unexpected 

health harms. We do not only complement clinical 

duties but align policy performing the preventive 

measures. We brought a new formulation to a problem 

that yields the recommended healthcare consumption. 

 

6.1. Summary of Findings 

The research study focused on introducing 

personalized incentives tied to beneficiary health 

behaviors using digital coaching tools. The findings 

demonstrate that AI-driven incentives integrated with 

health coaching platforms can be leveraged to change 

a diverse set of member health behaviors. In addition, 

these incentives led to a 2- to 4-fold improvement in 

the engagement members have with their health 

behaviors. Unintuitive findings are that beneficiaries 

in poorer health ended up being slightly more 

influenced by the incentives. Also, despite having only 

partial payment for their service, the reduced 

maximum impact of the incentive meant that 

companies gained, as healthier employees had better 

risk scores, thus benefiting their insurance provider. 

The outcomes appear driven by the kind of 

cooperation formed across employees and employers 

via this financial and medical link. 

To the best of my knowledge, this experiment is the 

first published randomized trial that uses AI and 

natural language processing to encourage an entire 

group of employees to undertake and stick to myriad 

health behavior changes throughout an entire year. 

The combination of leading-edge modeling 

techniques, such as AI and natural language 

processing, and expansions of incentive type and 

design appear to be what made standard incentives 

plus AI different from prior research. Past research 

includes incentives that only focused on monetary 

compensation or tangible non-monetary awards 

without AI or a health coaching platform. Even studies 

that employed non-monetary incentives to promote 

digital health app usage were not as comprehensive or 

showed such a widespread impact on participants. 

While the documented health behavioral changes do 

not link to specific medical outcomes, this research 

supports the view that return-to-work programs can 

transformatively impact health outcomes. 

 

6.2. Future Research Directions 

As AI and personalized preventative insights mature 

over time, plan designers will need to grapple with 

some larger, albeit future-facing issues. Widespread 

preventive insights and modern medicine have made 

physicians accountable for doing everything possible 

to prevent disability, disease, and death. An emerging 

direction will be whether plan sponsors have a similar 

societal obligation. After all, the decision to eat 

healthily, exercise, and get enough sleep may seem 

like private ones, but those will also be the main 

drivers of an individual's state in the future and of 

insurance costs. Given the growing income gap and 

the almost uniquely high proportion of U.S. spending 

on health now going to the treatment of largely 

preventable chronic conditions, it seems inevitable 
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that plan governing bodies will become more assertive 

in developing benefits to incentivize all plan members 

to keep themselves healthy. 

One future research direction is to clarify plan member 

and societal obligations in shaping a plan member's 

state and how those responsibilities relate to the 

decision to nudge behavior versus the use of other 

insurance mechanisms. Another is to expand the set of 

behavioral economics concepts to broader challenges 

and design complications. Concepts related to 

temporal and general risk aversion, advanced dilution, 

and different nondemand preferences would be 

valuable additions to the behavioral economics toolkit 

to incentivize a broader set of healthy behaviors, 

ensure an equitable sharing of benefits, and address the 

potential for moral hazard risk resulting from 

nonstandard behavioral insurance designs. Broadly, 

the current set of behavioral approaches has become 

standardized, but some quick surveys suggest that 

those largely cater to demand constraints, overly 

expensive demand constraints, willingness to pay for 

healthy decisions, and pre-existing demand 

constraints. The various subtle nuances between these 

are likely to get lost in practice, particularly as most 

consumers will continue to seek information from 

many sources beyond governmental and market 

nudges in making their health decisions. The list of 

potential rationales for specifically tailored policy 

nudges is quite long, with social and individual 

payoffs, preference satisfaction and maximization, and 

behavioral representation, all at least potentially 

fostering informed deliberation. AI and machine 

learning may well train machines to behold a wider 

spectrum of capabilities by implicitly granting them 

fuller socially and behaviorally informed utility 

functions, but that next important addition to the 

behavioral economics toolkit remains for future 

research. 

 

References  

[1]     Mandala, V. (2021). The Role of Artificial Intelligence 

in Predicting and Preventing Automotive Failures in 

High-Stakes Environments. Indian Journal of 

Artificial Intelligence Research (INDJAIR), 1(1). 

[2]    Laxminarayana Korada, & Vijay Kartik Sikha. (2022). 

Enterprises Are Challenged by Industry-Specific 

Cloud Adaptation - Microsoft Industry Cloud Custom-

Fits, Outpaces Competition and Eases Integration. 

Journal of Scientific and Engineering Research. 

https://doi.org/10.5281/ZENODO.13348175. 

[3]           Bansal, A. (2023). Power BI Semantic Models to 

enhance Data Analytics and Decision-Making. 

International Journal of Management (IJM), 14(5), 

136-142. 

[4]           Perumal, A. P., Deshmukh, H., Chintale, P., Molleti, 

R., Najana, M., & Desaboyina, G. Leveraging machine 

learning in the analytics of cyber security threat 

intelligence in Microsoft azure. 

[5]           Shah, C., Sabbella, V. R. R., & Buvvaji, H. V. 

(2022). From Deterministic to Data-Driven: AI and 

Machine Learning for Next-Generation Production 

Line Optimization. Journal of Artificial Intelligence 

and Big Data, 21-31. 

[6]           Kommisetty, P. D. N. K. (2022). Leading the 

Future: Big Data Solutions, Cloud Migration, and AI-

Driven Decision-Making in Modern Enterprises. 

Educational Administration: Theory and Practice, 

28(03), 352-364. 

[7]           Avacharmal, R., Pamulaparthyvenkata, S., & 

Gudala, L. (2023). Unveiling the Pandora's Box: A 

Multifaceted Exploration of Ethical Considerations in 

Generative AI for Financial Services and Healthcare. 

Hong Kong Journal of AI and Medicine, 3(1), 84-99. 

[8]           Nampalli, R. C. R. (2023). Moderlizing AI 

Applications In Ticketing And Reservation Systems: 

Revolutionizing Passenger Transport Services. In 

Journal for ReAttach Therapy and Developmental 

Diversities. Green Publication. 

https://doi.org/10.53555/jrtdd.v6i10s(2).3280 

[9]           Ravi Aravind, Srinivas Naveen D Surabhi, Chirag 

Vinalbhai Shah. (2023). Remote Vehicle 

Access:Leveraging Cloud Infrastructure for Secure 

and Efficient OTA Updates with Advanced AI. 

EuropeanEconomic Letters (EEL), 13(4), 1308–1319. 

Retrieved 

fromhttps://www.eelet.org.uk/index.php/journal/articl

e/view/1587 

[10]         Syed, S. (2023). Shaping The Future Of Large-

Scale Vehicle Manufacturing: Planet 2050 Initiatives 

And The Role Of Predictive Analytics. 

Nanotechnology Perceptions, 19(3), 103-116. 

[11]  Danda, R. R. Digital Transformation In Agriculture: 

The Role Of Precision Farming Technologies. 

[12]  Mandala, V., & Surabhi, S. N. R. D. Intelligent Systems 

for Vehicle Reliability and Safety: Exploring AI in 

Predictive Failure Analysis. 

[13]   Sikha, V. K., Siramgari, D., & Korada, L. (2023). 

Mastering Prompt Engineering: Optimizing 

Interaction with Generative AI Agents. Journal of 

Engineering and Applied Sciences Technology. 



Letters in High Energy Physics 
ISSN: 2632-2714 

Volume 2023 

 

 

205 

SRC/JEAST-E117. DOI: doi. 

org/10.47363/JEAST/2023 (5) E117 J Eng App Sci 

Technol, 5(6), 2-8. 

[14] Bansal, A. Advanced Approaches to Estimating and 

Utilizing Customer Lifetime Value in Business 

Strategy. 

[15] Perumal, A. P., Deshmukh, H., Chintale, P., 

Desaboyina, G., & Najana, M. Implementing zero trust 

architecture in financial services cloud environments 

in Microsoft azure security framework. 

[16] Vehicle Control Systems: Integrating Edge AI and ML 

for Enhanced Safety and Performance. 

(2022).International Journal of Scientific Research 

and Management (IJSRM), 10(04), 871-

886.https://doi.org/10.18535/ijsrm/v10i4.ec10 

[17] Avacharmal, R., Sadhu, A. K. R., & Bojja, S. G. R. 

(2023). Forging Interdisciplinary Pathways: A 

Comprehensive Exploration of Cross-Disciplinary 

Approaches to Bolstering Artificial Intelligence 

Robustness and Reliability. Journal of AI-Assisted 

Scientific Discovery, 3(2), 364-370. 

[18] Nampalli, R. C. R. (2022). Neural Networks for 

Enhancing Rail Safety and Security: Real-Time 

Monitoring and Incident Prediction. In Journal of 

Artificial Intelligence and Big Data (Vol. 2, Issue 1, 

pp. 49–63). Science Publications (SCIPUB). 

https://doi.org/10.31586/jaibd.2022.1155 

[19] Aravind, R., & Surabhii, S. N. R. D. Harnessing 

Artificial Intelligence for Enhanced Vehicle Control 

and Diagnostics. 

[20] Syed, S. Big Data Analytics In Heavy Vehicle 

Manufacturing: Advancing Planet 2050 Goals For A 

Sustainable Automotive Industry. 

[21] Danda, R. R. (2022). Innovations in Agricultural 

Machinery: Assessing the Impact of Advanced 

Technologies on Farm Efficiency. In Journal of 

Artificial Intelligence and Big Data (Vol. 2, Issue 1, 

pp. 64–83). Science Publications (SCIPUB). 

https://doi.org/10.31586/jaibd.2022.1156 

[22] Korada, L. (2023). AIOps and MLOps: Redefining 

Software Engineering Lifecycles and Professional 

Skills for the Modern Era. In Journal of Engineering 

and Applied Sciences Technology (pp. 1–7). Scientific 

Research and Community Ltd. 

https://doi.org/10.47363/jeast/2023(5)271 

[23] Bansal, A. (2022). Establishing a Framework for a 

Successful Center of Excellence in Advanced 

Analytics. ESP Journal of Engineering & Technology 

Advancements (ESP-JETA), 2(3), 76-84. 

[24] Perumal, A. P., & Chintale, P. Improving operational 

efficiency and productivity through the fusion of 

DevOps and SRE practices in multi-cloud operations. 

[25] Avacharmal, R., Gudala, L., & Venkataramanan, S. 

(2023). Navigating The Labyrinth: A Comprehensive 

Review Of Emerging Artificial Intelligence 

Technologies, Ethical Considerations, And Global 

Governance Models In The Pursuit Of Trustworthy 

AI. Australian Journal of Machine Learning Research 

& Applications, 3(2), 331-347. 

[26] Nampalli, R. C. R. (2022). Machine Learning 

Applications in Fleet Electrification: Optimizing 

Vehicle Maintenance and Energy Consumption. In 

Educational Administration: Theory and Practice. 

Green Publication. 

https://doi.org/10.53555/kuey.v28i4.8258 

[27] Aravind, R., Shah, C. V &amp; Manogna Dolu. AI-

Enabled Unified Diagnostic Services: Ensuring Secure 

andEfficient OTA Updates Over Ethernet/IP. 

International Advanced Research Journal in Science, 

Engineeringand Technology. DOI: 

10.17148/IARJSET.2023.101019 

[28] Syed, S. (2022). Towards Autonomous Analytics: The 

Evolution of Self-Service BI Platforms with Machine 

Learning Integration. In Journal of Artificial 

Intelligence and Big Data (Vol. 2, Issue 1, pp. 84–96). 

Science Publications 

(SCIPUB).https://doi.org/10.31586/jaibd.2022.1157 

[29] Danda, R. R. (2021). Sustainability in Construction: 

Exploring the Development of Eco-Friendly 

Equipment. In Journal of Artificial Intelligence and 

Big Data (Vol. 1, Issue 1, pp. 100–110). Science 

Publications (SCIPUB). 

https://doi.org/10.31586/jaibd.2021.1153 

[30] Korada, L. (2023). Leverage Azure Purview and 

Accelerate Co-Pilot Adoption. In International Journal 

of Science and Research (IJSR) (Vol. 12, Issue 4, pp. 

1852–1954). International Journal of Science and 

Research. https://doi.org/10.21275/sr23416091442 

[31] Bansal, A. (2022). REVOLUTIONIZING 

REVENUE: THE POWER OF AUTOMATED 

PROMO ENGINES. INTERNATIONAL JOURNAL 

OF ELECTRONICS AND COMMUNICATION 

ENGINEERING AND TECHNOLOGY (IJECET), 

13(3), 30-37. 

[32] Chintale, P. (2020). Designing a secure self-

onboarding system for internet customers using 

Google cloud SaaS framework. IJAR, 6(5), 482-487. 

[33] Avacharmal, R. (2022). ADVANCES IN 

UNSUPERVISED LEARNING TECHNIQUES FOR 

ANOMALY DETECTION AND FRAUD 

IDENTIFICATION IN FINANCIAL 

TRANSACTIONS. NeuroQuantology, 20(5), 5570. 

[34] Rama Chandra Rao Nampalli. (2022). Deep Learning-

Based Predictive Models For Rail Signaling And 



Letters in High Energy Physics 
ISSN: 2632-2714 

Volume 2023 

 

 

206 

Control Systems: Improving Operational Efficiency 

And Safety. Migration Letters, 19(6), 1065–1077. 

Retrieved from 

https://migrationletters.com/index.php/ml/article/vie

w/11335 

[35] Aravind, R., Shah, C. V., &amp; Surabhi, M. D. 

(2022). Machine Learning Applications in Predictive 

Maintenancefor Vehicles: Case Studies. International 

Journal of Engineering and Computer Science, 11(11), 

25628–

25640.https://doi.org/10.18535/ijecs/v11i11.4707 

[36] Syed, S. (2022). Integrating Predictive Analytics Into 

Manufacturing Finance: A Case Study On Cost 

Control And Zero-Carbon Goals In Automotive 

Production. Migration Letters, 19(6), 1078-1090. 

[37] Danda, R. R. (2020). Predictive Modeling with AI and 

ML for Small Business Health Plans: Improving 

Employee Health Outcomes and Reducing Costs. In 

International Journal of Engineering and Computer 

Science (Vol. 9, Issue 12, pp. 25275–25288). Valley 

International. 

https://doi.org/10.18535/ijecs/v9i12.4572  

[38] Korada, L., & Somepalli, S. (2023). Security is the 

Best Enabler and Blocker of AI Adoption. In 

International Journal of Science and Research (IJSR) 

(Vol. 12, Issue 2, pp. 1759–1765). International 

Journal of Science and Research. 

https://doi.org/10.21275/sr24919131620 

[39] Bansal, A. (2021). OPTIMIZING WITHDRAWAL 

RISK ASSESSMENT FOR GUARANTEED 

MINIMUM WITHDRAWAL BENEFITS IN 

INSURANCE USING ARTIFICIAL 

INTELLIGENCE TECHNIQUES. 

INTERNATIONAL JOURNAL OF INFORMATION 

TECHNOLOGY AND MANAGEMENT 

INFORMATION SYSTEMS (IJITMIS), 12(1), 97-

107. 

[40] Chintale, P. SCALABLE AND COST-EFFECTIVE 

SELF-ONBOARDING SOLUTIONS FOR HOME 

INTERNET USERS UTILIZING GOOGLE 

CLOUD'S SAAS FRAMEWORK. 

[41] Avacharmal, R., & Pamulaparthyvenkata, S. (2022). 

Enhancing Algorithmic Efficacy: A Comprehensive 

Exploration of Machine Learning Model Lifecycle 

Management from Inception to Operationalization. 

Distributed Learning and Broad Applications in 

Scientific Research, 8, 29-45. 

[42] Nampalli, R. C. R. (2021). Leveraging AI in Urban 

Traffic Management: Addressing Congestion and 

Traffic Flow with Intelligent Systems. In Journal of 

Artificial Intelligence and Big Data (Vol. 1, Issue 1, 

pp. 86–99). Science Publications (SCIPUB). 

https://doi.org/10.31586/jaibd.2021.1151 

[43] Syed, S. (2021). Financial Implications of Predictive 

Analytics in Vehicle Manufacturing: Insights for 

Budget Optimization and Resource Allocation. 

Journal of Artificial Intelligence and Big Data, 1(1), 

111–125. Retrieved from 

https://www.scipublications.com/journal/index.php/ja

ibd/article/view/1154  

 

 

 

 

 

 

https://doi.org/10.18535/ijecs/v11i11.4707
https://doi.org/10.18535/ijecs/v9i12.4572

