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1. Introduction 

The paradigms of customer engagement are shifting from 

reactive support to proactive, contextual interaction. Traditional 

rule-based chatbots and recommender systems operate on a 

narrow set of triggers and historical data, often failing to 

accommodate the diverse needs of dynamic users. This is 

especially true for users with disabilities, those using assistive 

technology, or individuals in nonstandard contextual situations. 

The emergence of agentic AI, defined as systems capable of 

setting goals, making plans, and executing autonomous actions, 

offers an unprecedented opportunity to bridge this gap. 
 

This paper argues that agentic AI can be systematically designed 

to harmonize the often-competing demands of hyper-

personalization and universal accessibility. We move beyond 

conceptual discussion by presenting formal mathematical 

models that capture the core mechanics of inclusive agentic 

engagement. The model provides a blueprint for developing AI 

agents that not only understand what users want but also 

recognize how those needs should be met, all while operating 

within strict ethical boundaries. This work aims to lay a 

foundational framework for the next generation of customer 

technology interactions that are both equitable and intelligent. 
 

2. Literature Review 

Research has laid the groundwork crucial for understanding the 

components of this model. The concept of software agency, 

rooted in the Belief-Desire-Intention (BDI) model formalized by 

Rao and Georgeff (1995) [1], provides robust architectures for 

autonomous agents. In the realm of customer engagement, the 

journey begins with simple algorithmic personalization, such as 

collaborative filtering, which evolved into sophisticated deep 

learning models for sequence prediction, as highlighted by 

Zhang et al. (2019) [2]. Simultaneously, the field of accessibility 

in HCI has long advocated the principles of universal design, 

articulated by Shneiderman et al. (2016) [3], emphasizing the 

need to build systems usable by all people. 

 

 

 

 

The ethical dimension of AI has become increasingly 

prominent, with seminal works such as Mittelstadt et al. (2016) 

[4] outlining principles of beneficence, non-maleficence, 

autonomy, and justice as they apply to algorithms. However, 

significant gaps exist in the literature, particularly in the 

integration of these disparate fields. While some studies have 

explored adaptive interfaces for users [5], others have focused 

on ethical constraints in machine learning [6]; there has been a 

lack of a unified, formalized model that combines proactive, 

goal-seeking agency with principled inclusivity and ethics in 

customer contexts. This paper seeks to fill that gap by 

synthesizing pre-2024 research threads into a cohesive agentic 

AI framework. 
 

3. A Mathematical Model for Agentic Interaction 

The proposed agentic AI system is modelled as a utility-

maximizing agent operating within a constrained Markov 

Decision Process (MDP) framework. In this formulation, the 

agentic system aims to select actions that maximize the expected 

value of its utility function over time, conditioned on the 

dynamic state of the user and the surrounding environment. This 

approach enables the system to balance immediate and long-

term objectives while adhering to ethical and contextual 

constraints. The fundamental components of the proposed 

model are defined as follows: 
 

Let 𝑆 be the state space, representing the user context, including 

demographic data 𝐷 , real-time accessibility needs 𝐴𝑛  (e.g., 

"requires screen reader," "high ambient noise"), and 

psychological state 𝑃  (e.g., "frustrated", "time-pressured"). 

Let 𝐴  be the action space, encompassing all possible 

engagement actions, such as sending a message, modifying an 

interface, or escalating to a human agent. Each action 𝑎 ∈ 𝐴 has 

an associated personalization score Per(𝑎, 𝑠)  and an 

accessibility score Acc(𝑎, 𝑠). 
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Abstract 

An agentic artificial intelligence (AI) system that can pursue complex goals, transforms the way customer engagement functions. This 

paper presents a mathematical model for agentic AI that balances deep personalization with universal accessibility. We propose a 

framework in which an AI agent, governed by utility functions, dynamically adjusts its strategy of interaction (such as communication 

channels and content complexity) depending on user states in real time (e.g., preferences, context, and ability). The model integrates 

ethics to prevent discrimination and protect user privacy. One major contribution is formalizing the “inclusivity/personalization trade-

off,” showing how systems can optimize for broad access without losing individual relevance. Simulations using the model showed 

significant improvements in engagement metrics across different users compared to traditional reactive systems. The paper concludes 

by discussing the ethical implications and future directions for the deployment of autonomous agents in customer-facing roles. 
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The agent's objective is to find a policy 𝜋(𝑠) that maps states to 

actions and maximizes the expected cumulative utility: 
 

𝑈(𝑠, 𝑎) = 𝛼 ⋅ Per(𝑎, 𝑠) + 𝛽 ⋅ Acc(𝑎, 𝑠) − 𝛾 ⋅ EthCost(𝑎, 𝑠 
 

where 𝛼, 𝛽, 𝛾 are weighting coefficients that calibrate the trade-

off between personalization, accessibility, and ethical cost. The 

function EthCost(𝑎, 𝑠) quantifies the potential ethical violation 

of an action, such as privacy intrusion or algorithmic bias. 
 

3.1. State and Action Spaces Formulation 

The state space S is a complex construct; it not just one thing. It 

is composed of many parts like the user demographic D which 

is mostly static and the real-time accessibility needs An which 

can change very quickly. For example, a user might be in a quiet 

library then walk into a loud construction area, so the An for 

audio output needs to be updated. Then there is the 

psychological state P, such as whether the user is frustrated or 

in a hurry. This is inferred from behaviour, such as their typing 

speed or if they are repeating the same question. Thus, the 

state S is a combination of all these elements S = f (D, An, P). 
 

The action space (A) includes all the things an AI agent can do. 

This can be something simple, like sending a text message or 

showing an image, or something more advanced, like 

automatically changing the website’s contrast or font size, or 

even deciding to connect the user to a human helper. Each action 

a in the set A is evaluated using two main scores. The 

personalization score Per(a, s) shows how well the action 

matches the user’s preferences and past behavior, while the 

accessibility score Acc(a, s) shows how easy the action is for the 

user to use in their current situation. Sometimes, an action might 

be very personalized but not very accessible or the other way 

around. 
 

3.2. The Utility Function and Policy Optimization 

The core of the agent’s decision-making is the utility function 

U(s, a). This function is a weighted sum: it combines the good 

factors and subtracts the bad ones. The term α·Per(a, s) is for 

personalization, where alpha (α) is a tuning parameter; if the 

company values personalization highly, they set alpha high. 

Similarly, the term β·Acc(a, s) is for accessibility, with its own 

weight (β). The critical part is the subtraction of γ·EthCost(a, s). 

This acts as a penalty or a brake on the system to stop it from 

choosing an action that is unethical, even if it is very 

personalized and accessible. 
 

The policy π(s) is the brain of the agent. It is a function that looks 

at the current state s and then picks the action a that promises the 

highest expected utility U(s, a) over time. The agent is not just 

thinking about the immediate reward but also the future 

consequences of its actions on user engagement. Thus, finding 

the optimal policy π* involves solving the constrained MDP, 

which means maximizing the cumulative utility while always 

respecting the rules embedded in the EthCost function. The 

weights α, β, and γ are not fixed forever; they can be adjusted by 

the system administrator to reflect changing business goals or 

ethical standards. 
 

3.3. Quantifying Ethical Cost in Decision-Making 

The EthCost(a, s) function is how we make the agent behave 

morally; it translates ethical principles into a numerical penalty. 

For example, if an action a would require accessing the user's 

medical history without clear consent for the task, the EthCost 

for that action would be very high, preventing the agent from 

choosing it. Similarly, if an action is likely to produce a biased 

outcome against a certain demographic group Dᵢ, the cost 

function would be triggered to make that action less attractive to 

the agent. 
 

Implementing EthCost requires a framework for detecting 

potential harm. This could involve checking actions against a set 

of rules defined by ethicists or using a separate machine learning 

model to predict the fairness and privacy impact of an action. 

The weight γ controls how strong these ethical constraints are. 

A low γ means the agent might ignore ethical concerns for a 

small gain in personalization, while a high γ makes the agent 

very cautious and conservative in its actions to avoid any 

possible ethical violation. 

 

Table 1: Key Variables in the Agentic AI Model. 

 

Variable Notation Description 

State 𝑆 The combined state of the user and environment. 

Action 𝐴 The set of all possible engagement actions. 

Personalization Score Per(𝑎, 𝑠) A measure of action relevance to user preferences (0-1). 

Accessibility Score Acc(𝑎, 𝑠) A measure of action usability given user needs (0-1). 

Ethical Cost EthCost(𝑎, 𝑠) A penalty for actions that violate ethical guidelines. 

Utility Function 𝑈(𝑠, 𝑎) The overall objective function to be maximized. 
 

4. The Personalization-Accessibility Trade-Off 

The development of agentic artificial intelligence systems is 

facing a fundamental tension. This is the conflict between 

making things personal for a user and ensuring they are 

accessible to everyone. For example, a system might want to 

send a user a highly personalized data visualization, but that 

complex graphic is completely unusable for a person who relies 

on a screen reader. On the other hand, if the system always 

provides information in the most basic and accessible format, 

such as simple text and audio, this can be inefficient for an 

expert user. That expert user might prefer a dense, visual 

dashboard for a quick overview. This conflict means the AI 

cannot simply maximize one goal without compromising the 

other; it must make a strategic choice. Therefore, the agentic AI 

must be designed to navigate this compromise intelligently. It 

does this by not viewing personalization and accessibility as a 

single fixed setting. Instead, it treats them as dynamic priorities 

that can change from one interaction to the next, based on who 

the user is and what situation they are currently in. The core 

innovation is to make the method of personalization itself 

adaptable, ensuring that the tailored experience is, by its very 

nature, also an accessible one for that specific individual at that 

specific moment. 
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Agentic AI faces a core conflict: deep personalization often 

creates accessibility barriers, and universal accessibility can 

reduce efficiency for advanced users. The system navigates this 

by dynamically balancing two priorities. It adjusts its strategy in 

real time, ensuring that the way it personalizes an interaction is 

always the most accessible method for that particular user's 

current context and needs. 
 

Mathematical Formalization of the Trade-Off 

The trade-off is quantitatively managed within the agent's utility 

function 𝑈(𝑠, 𝑎). The terms for personalization and accessibility 

are weighted against each other, and their combined value is 

reduced by any ethical costs. 
 

𝑈(𝑠, 𝑎) = 𝛼(𝑠) ⋅ 𝑃(𝑠, 𝑎) + 𝛽(𝑠) ⋅ Acc(𝑠, 𝑎) − 𝛾 ⋅ 𝐶(𝑠, 𝑎) 
 

Where: 

• 𝑈(𝑠, 𝑎): The total utility of taking action 𝑎 in state 𝑠. 

• 𝑃(𝑠, 𝑎) : The personalization score of action 𝑎  for a 

user in state 𝑠 (range 0 to 1). 

• Acc(𝑠, 𝑎): The accessibility score of action 𝑎 for a user 

in state 𝑠 (range 0 to 1). 

• 𝛼(𝑠), 𝛽(𝑠) : Dynamic weighing coefficients for 

personalization and accessibility. Their values are 

derived from the user state 𝑠. 

• 𝐶(𝑠, 𝑎) : A cost function representing ethical or 

resource penalties. 

• 𝛾: A fixed weight for the cost penalty. 

 

The key is that 𝛼 and 𝛽 are functions of the state 𝑠, making the 

trade-off fluid. 

 

 
 

Figure-1: Dynamic Weight Adjustment Process. 

 

 
 

Figure-2: The Trade-Off Frontier. 
 

The graph below illustrates the relationship between 

personalization and accessibility scores for different user 

contexts. The "feasible region" shows all possible combinations 

that the system can achieve. The optimal point is chosen 

dynamically on this frontier based on the user state. 
 

5. Dynamic User State Modeling 

The effectiveness of an agent depends largely on its capacity to 

perceive and accurately model the user’s state S. This state is not 

static; rather, it is a dynamic construct that evolves continuously 

in real time. At any given moment, the state St is updated 

through user interactions, sensor data, and feedback, and may 

even reflect changes in the user’s mood. For instance, if a user 

repeatedly ignores complex visual messages, the agent may 

infer a need for simpler visual layouts or higher contrast, leading 

to an update in the accessibility component An. 
 

Dynamic modeling enables the agent to behave in a more 

human-like and context-aware manner, adapting its responses to 

changing circumstances. For example, when a user is in a bright 

outdoor environment, the agent may increase contrast or switch 

to audio output. Although such inferences may not always be 

perfect, they allow the system to respond intelligently to 

situational cues. Unlike traditional systems, where accessibility 

parameters were stored as fixed values in a database, this 

approach treats the model as a time-varying function that 

evolves with both the user and the environment. 
 

6. Ethical Constraint as Utility Penalty 

Ethical considerations are not applied as external rules but are 

embedded directly within the mathematical framework of the 

agent. The function EthCost(a, s) serves as a penalty term that 

activates when an action violates ethical principles. For 

example, if an action involves the use of private health data for 

marketing purposes, it would incur a high ethical cost, thereby 

reducing its likelihood of being selected by the agent. This 

integration ensures that ethical reasoning becomes an inherent 

part of the decision-making process, rather than an afterthought. 
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The total utility then looks something like: 

 
 

So, the higher the EthCost, the lower the final utility, meaning 

agent will avoid it. 
 

In some cases, the system also identifies when a particular action 

negatively impacts a specific user group Dᵢ, and it applies an 

additional penalty. This formal design ensures that the agent 

continues to uphold principles of fairness and human autonomy, 

even when the optimization process tends to prioritize 

engagement or performance metrics too aggressively.  
 

 
Figure 3: Flowchart of the Agentic AI System for Customer 

Engagement. 

 

7. Simulation Results and Performance Analysis 

To evaluate the performance of the proposed model, a series of 

discrete-event simulations were conducted involving 

approximately 10,000 users with diverse abilities, preferences, 

and behavioral patterns. The agentic AI system was compared 

against two baseline models: (1) a Standard Personalized AI, 

which focuses solely on the personalization component 𝛼 ⋅
𝑃𝑒𝑟(𝑎, 𝑠) without considering accessibility or ethical cost, and 

(2) a Static Accessibility AI, which consistently selects the 

action that is most universally accessible, even if it reduces 

engagement or user satisfaction. 
 

The primary key performance indicator (KPI) used in the 

evaluation is the Engagement Score, which represents a 

combination of how actively users interact with the system and 

how comfortable they feel during the interaction. However, 

achieving an ideal balance between these two aspects is 

challenging improvements in one dimension sometimes lead to 

a decrease in the other. 
 

The equation used for comparison is as follows: 
 

 
Sometimes we subtract a small amount for ethical cost or noise, 

though the exact effect is not always clear. 
 

The simulation shows that the agentic model does better overall 

but it can be a bit jumpy depending on who the user is and what 

they’re doing at the time. The static model is safe but kind of 

dull, and the personalized one takes too many risks. So, we can 

say the agentic AI feels more human, not perfect but better at 

keeping a balance between the two. 
 

7.1. Comparative Result Table  

The table below shows what happened when we tested different 

AI systems with different groups of users. The scores aren’t 

exactly the same each time because we added a bit of noise, and 

people don’t always act the same way in every test. 

 

Table-2: Comparative Average Engagement Score by User Group. 
 

User Group Agentic AI Standard Personalization AI Static Accessibility AI 

Sighted Users 88 85 65 

Visually Impaired 87 45 82 

Motor Impaired 85 70 80 

Expert User 90 92 60 

Novice User 86 75 88 
 

You can see that the agentic model stays pretty steady overall. 

It doesn’t always get the highest scores, but it also doesn’t crash. 

The personalization model keeps expert users happy, but it 

doesn’t work well for people who need more accessibility 

support. The static model helps those users more, but it can make 

expert users bored. The equation we used for the mixed score is 

kind of odd, but it’s close enough to show the pattern we were 

looking for. 
 

 
where αᵤ and βᵤ change for each user type. not very clean math but work enough for simulation test. 
 

8. Ethical Implications and Societal Impact 

Using these automated systems raises many important ethical 

questions, such as how much control we should give to machines 

and how much should stay with humans. The model itself carries 

ethical costs, but turning those ideas into real systems is not 

simple. Sometimes the agent becomes too smart for its own good 

and starts acting as if it knows better than the user, almost like a 

well-meaning parent. It might override what the user wants 

because it believes it is making the smarter choice. We must 

ensure that users can stop the system at any time, because 

without that option, real autonomy is lost. 
 

There is also the problem of data. The system records clicks, 

blinks, sounds, and almost everything else. Without proper care, 

privacy can disappear very quickly. We need clear and 

transparent rules, and systems should only collect the data that 

is truly necessary. On the social side, inequality becomes 

another concern. Some people have access to advanced versions 

of these systems, while others do not. This creates a divide 

where the rich benefit from smart AI assistance, while the poor  
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are left out. Policymakers need to step in and set boundaries so 

that this technology serves everyone, not just a privileged few. 
 

8.1. Privacy and Data Chaos 

The state model collects far too much data. Who gets to see it, 

and who keeps it safe? No one really seems to know. Data can 

leak, be used for training, or even disappear without anyone 

noticing. Many users have no idea what information is being 

collected about them in the first place. We need strong rules to 

limit how much data is gathered, but the real question is who 

will ensure that those rules are actually followed. 
 

8.2. Human Control vs Machine Ego 

When AI starts making more decisions, people begin to feel less 

in control. The system says things like “I know what you like,” 

even when that is not true. Over time, this makes trust weaker 

and more confusing. People need to always have a way to 

override the system and take back control whenever they want. 
 

8.3. Tech Divide and Social Mess 

People with money can buy the full version of the agent, while 

everyone else is left with the slower one. This creates a digital 

wall that divides society all over again. Technology that claims 

to be made for inclusion can end up excluding people instead. 
 

9. Conclusion and Future Directions 

This paper presents a formal mathematical model for an agentic 

AI system. It is not perfect, but it aims to make customer 

engagement more inclusive. We discuss, how the agents 

optimize utility functions that combine personalization, 

accessibility, and an ethical cost term called EthCost. The idea 

is significant because most conventional AI systems do not 

explicitly consider fairness in their design. The simulation 

results are also encouraging, showing that the system engages 

better with different types of users, not just one group. 
 

For future work, there are a few areas to focus on. First, we need 

better ways to understand the user’s state St in real time without 

collecting excessive data, as that creates privacy concerns. 

Second, we could explore a multi-agent approach, where several 

AI systems work together to assist a single person—like a team 

of bots. Finally, it is essential to test the system in the real world 

with actual users, perhaps through A/B testing, to verify whether 

it performs as expected. Building truly inclusive AI system will 

not be easy, but it appears promising if we continue using 

model-driven thinking and keep improving the parts that do not 

yet work well. 
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