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This study explores how bounded rationality through the 

mechanisms of satisficing and heuristics can be systematically 

embedded into AI system design to enhance human-likeness, 

cognitive realism, and decision-making efficiency under 

uncertainty, time pressure, and information overload. While prior 

work has largely focused on optimizing accuracy or speed, this 

research addresses the gap in aligning AI behavior with realistic 

human cognitive constraints. Using a cross-sectional quantitative 

design, data were collected via structured questionnaires from 

domain-relevant respondents. Partial Least Squares Structural 

Equation Modeling (PLS-SEM) was employed to test hypothesized 

mediation relationships between environmental factors (time 

pressure, uncertainty, information overload) and AI design 

outcomes (human-likeness, cognitive AI design, realism) via 

bounded rationality mechanisms. Results show that satisficing 

significantly mediates the relationship between time pressure and 

cognitive AI design (β = 0.312, p < 0.001) and between 

information overload and human-likeness (β = 0.287, p < 0.001). 

Heuristics also positively influence realism (β = 0.295, p < 0.01). 

Trust, transparency, and engagement demonstrated weaker direct 

effects (β < 0.10, p > 0.05). With 48 percent of the variation in the 

most important outcomes explained through mediation effects, the 

model proved to have a decent fit (SRMR = 0.062; NFI = 0.88). 

This study presents a new, experimental-verified bounded 

rationality-based AI design model, which can offer practitioners 

with actionable changes to make their algorithms appear more 

human and adapt to new experiences. The potential of further 

research in this framework is to apply it to AI applications related 

to a particular domain. 
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Introduction 

Artificial intelligence (AI) evolution has drastically changed the decision-making process in 

various fields and especially in situations that are complex, ambiguous or involve a lot of stakes. 

The traditional models of rational choice, which are heavily imbibed with economic and normative 

theories, are not very useful in reflecting the reality of how choices are being made under real 

world situations of a constrained environment. Humans are mere agents limited in time, 

information processing as well as availability of cognitive resources and not perfectly rational 

agents. Based on these considerations, bounded rationality is an emergent principle in the AI 

design research (And there are more works being published such as: Akter et al., 2022; Feuerriegel 

et al., 2023; Bhui et al., 2021; Hussain et al., 2024; Raza & Minhas, 2025). It is important to take 

notice to these limitations when building AI that will not only be accurate but that would also be 

able to be compatible with how human beings think. Since AI is penetrating into sensitive fields, 

including healthcare, law, and security, the leading factor demands to be cognitively realistic and 

trustworthy systems. 

The theory of bounded rationality developed by Herbert A. Simon is based on such a premise that 

the process of human decision-making is dictated by cognitive shortcomings and lack of perfect 

knowledge. As opposed to rational actors in theory, human beings tend to be satiated with attaining 

a solution good enough instead of being optimal. It is otherwise in line with the results of 

behavioral economics, which identify how people can overcome complicated situations with the 

help of heuristics (Kahneman & Tversky, 1979; Gigerenzer & Gaissmaier, 2011). Advanced 

studies have expanded this knowledge to AI systems, where it has been realized that such systems 

can be further improved through adaptation of human heuristics, as a way of aligning its 

interaction and decision-making (Gershman & Bhui, 2020; Kordzadeh & Ghasemaghaei, 2022; 

Ehsan et al., 2021; Ullah & Zhang, 2024; Ahmed et al., 2025). The integration of these mental 

patterns into the machine logic can make AI resonate more with the behavior of the users and their 

expectations. 

Artificial intelligence (AI) sector has strengthened in the recent years and developed into one of 

the most impactful industries in the world. Optimized through exponential increases in sheer 

computing power, big data analytics, and algorithmic prediction, AI is rapidly being incorporated 

into such fields as financial services, healthcare, manufacturing, and government. Recent literature 

points out the rise in the rates of investment and implementation of AI, especially in emerging 

economies in attempts to fill operational gaps and rise to scale innovation factor (Akter et al., 

2022; Feuerriegel et al., 2023; Nasir et al., 2023; Hussain et al., 2024; Raza & Minhas, 2024). 

The possibility to instill cognitive realism in AI poses a revolutionary potential within industries 

that are based on human-AI collaborating. AI can be more intuitive and effective through the 

integration of heuristics, the principles of satisficing, and the explainability. Feuerriegel et al. 

(2023) state that cognitively aligned AI enhances trust and outcomes of decisions. On the same 

note, Hameed and Rana (2022) document that companies implementing human-compatible AI 

have a user acceptance rate. Raza and Minhas (2024) indicate that the training and onboarding 

expenses are reduced as well, which makes such systems more efficient by enhancing return on 

investment. 

Literature Review  

The effect of the time pressure on the level of the decision making varies considerably depending 

on the situation being faced with, like in high-stakes situations where hasty decisions have to be 
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made. Time limits in the AI assisted decision systems lower the capacity of the users to process all 

the information presented before them thus resulting in turning to heuristics and simplified 

processing. The existing literature revealed that users tend to blindly follow AI recommendations 

that seem to be developed based on time pressure (Akter et al., 2022; Ahmed et al., 2023; Zahid et 

al., 2024). This renders time-constrained AI design to prevent over-dependence or blind faith. 

Rehman and Ali (2025) state that temporal constraints negotiated adaptive AI interfaces can 

increase the usability without compromising on mental effort. 

The most prominent feature of bounded rationality is the practice of satisficing, which is choosing 

an acceptable answer and not the best one. Satisficing was the proposed realistic choice introduced 

by Simon (1956) instead of utility maximization. Satisficing behavior is typical in the AI-aided 

tasks, particularly during those involving incomplete information, time limitation and emotional 

uncertainty in making decisions. Recent work by Raza and Minhas (2024), Bhui et al. (2023), and 

Feuerriegel et al. (2023) validates that users often default to satisficing even when optimal 

solutions are computationally available. AI systems must be designed to support this behavior by 

providing layered choices and intermediate feedback. 

Heuristics are cognitive shortcuts that help simplify decisions under pressure or uncertainty. Their 

role in AI interaction is twofold: users employ them when processing AI outputs, and AI itself may 

be designed with heuristic-based models to improve speed and realism. (Zaman et al., 2025) 

Recent developments in explainable AI (XAI) have adopted heuristics to improve transparency 

(Zahid et al., 2024; Hussain et al., 2024; Ahmed et al., 2023). Gershman and Bhui (2020) suggest 

that AI built around bounded heuristics can produce decisions more aligned with human 

expectations than exhaustive algorithms. Hence, heuristics should not be removed but assisted 

since they are cognitive assets. 

Moderating variables, like the level of trust, the user engagement, and the transparency, becomes a 

key determinant of how and to what extent the relationships among cognitive behavior of the user 

and the technical AI outcome would proceed in AI-driven decision-support. AI trust is a decisive 

factor in the decision of a system being accepted, especially when there is uncertainty and/or 

complexity to choose what is best course of action. Research established that the users tend to trust 

the AI results when they feel that the system is trustworthy and in line with human ethics 

(Feuerriegel et al., 2023; Zahid et al., 2024). The cognitive effort relating to decision-making is 

moderated by the user-engagement which is the extent to which users actively employs the AI 

system.Finally, transparency has benefits when it comes to increasing interpretability by making 

the logic and rationale of the AI outputs visible. This does not only enhance trust but also 

diminishes the blind use of heuristics. As Simon (1955) pointed out, bringing in line the 

sophistication of technologies used with the user understanding is essential such moderators make 

sure that mental constraints do not become a hindrance to using AI effectively but are addressed 

via improved design and outreach plans. 

Theoretical Framework 

Decision Theories: rationality and reality 

The history of the decision-making theories has been long made an effort to reconcile the 

discrepancy between the rational assumptions and the real human behavior. Early models, e.g. 

expected utility theory (von Neumann 1944) or Bayesian decision theory, were predicated on the 

assumption that each person possesses the cognitive ability and time to analyze all possible 

possibilities. Nonetheless, Simon (1955) refuted this by bringing to fore the concept of bounded 
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rationality, in which case, the decision-makers work within the context characterized by limited 

information, time, and processing capacity. Contemporary views on this theory (particularly, those 

applied to digital and automated settings) underscore the point that AI is to acclimatise to such 

cognitive constraints as well (Akter et al., 2022; Zahid et al., 2024; Ahmed et al., 2023). Such 

insights form the basis of a body of work aimed at establishing AI that does not substitute, but 

complement human decisions. 

Bounded Rationality as a Design Principle 

Bounded rationality theory is one of the major theories that are guiding this study. According to 

this theory, individuals are not driven by optimization (conceived originally by Simon 1956) but 

merely good-enough choice in the available options. Its applicability to the digital setting has been 

strengthened in latest empirical research (Bhui et al., 2021; Akter et al., 2022; Zahid et al., 2024). 

Bounded rationality gives AI system design a mental footing to recognize human limitations. 

According to Gigerenzer and Gaissmaier (2011), this theory has also promoted more human-

compatible AI, especially where uncertainty or a great amount of data is involved and optimization 

is impossible. 

Dual-Process Theory in AI Interface Design 

Other models that are applicable include Dual-Process Theory, which viewed as fast intuitive 

thinking (System 1) and slow, analytical thinking (System 2). Kahneman (2011) and Evans and 

Stanovich (2013) made it clear that most of the choices particularly in case of uncertainty or time 

pressure fall back on heuristic thinking. The more recent usages of AI design (Ahmed et al., 2023; 

Hameed & Rana, 2022; Bashir et al., 2024) aim at matching AI decisions with the System 1 

(intuitive) justifications and provide the System 2 (more justifiable) rationales on the transparency. 

This two-prong strategy is beneficial to enhance the trust and cognitive agreement in AI-enriched 

decisions. 

Human-AI Interaction Theory 

Human-AI Interaction theory has also been picking up the pace especially in the areas of 

explainability and trust. The roots of the comprehension of the impact of perceived reliability and 

transparency on the dependence of automation were laid by Lee and See (2004). The latest models 

underline the co-adaptive character of the human and AI collaboration (Glikson & Woolley, 2020; 

Feuerriegel et al., 2023; Ullah & Zhang, 2024). Perceived agency, trust and transparency are major 

mediators that characterize the acceptability of systems. This conceptualises how it is important to 

consider the aspect of engagement and familiarity in the design of technical AI systems. 



The Critical Review of Social Sciences Studies, Volume 3, Number 3, 2025 
 

1515 
 

 

Figure 1 Human-Decision Making Inside 

Heuristics and Biases in Human-AI Judgment 

Heuristics and Biases Program, which was proposed by Tversky and Kahneman (1974) is still 

classical in explaining the reason why the users of the AI would still make poor choices despite AI. 

It demonstrates that people use mental shortcuts, like availability, anchoring, representativeness 

which are not only adaptive but can also have the venom of systematic errors. Recent research 

(Akhtar & Nasir, 2023; Ahmed et al., 2023; Zahid et al., 2024) presents the argument that 

transparency and user modeling clarity can help with these biases by means of AI. These biases are 

often not faults as Gigerenzer (2007) insists, rather they are reflections of cost-effective problem-

solving algorithms when living in a complex setting. 

Purpose and Main Objective of the Study 

This paper will combine these theories in an attempt to discuss a hybrid approach to AI design a 

hybrid approach to incorporating principles of bounded rationality into the architecture of the 
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cognitive AI. This is aimed at determining the interaction of such constructs as satisficing, 

heuristics, trust, and transparency in generating more realistic outcomes of decision-making. The 

central goal is to develop a framework that fits the external restriction and cognitive bias and 

improves AI adoption and interaction. This model can be used as a roadmap to designing 

cognitively compatible AI systems based on foundational theories, and current research (Simon, 

1956; Tversky & Kahneman, 1974; Bhui et al., 2021; Zahid et al., 2024; Bashir et al., 2024). 

Introduction to Single & Multiple Variables & Theories Supporting and Negating Views 

The presumption of bounded rationality has gained popularity through the notion that it is a 

pragmatic way to extend the classical models of decision-making in that they make the 

assumptions that an individual has access to all the possible information, and would then be able to 

calculate the best decision. Herbert Simon (1955) formulated this concept to describe the tendency 

of human beings with limited cognitive capacity and facing environmental limitations to make 

decisions, which are satisfactory instead of optimality. Later, Gigerenzer and Gaissmaier (2011) 

polished such a perspective and introduced the idea that under several real-life contexts, this 

limited way of decision-making is not only essential but instead healthy. Contemporary readings 

underline how bounded rationality applies to AI-aided decisions, as making rapid decisions under 

informational saturation and time pressures is something that users have to encounter (Zahid et al., 

2024; Hameed & Rana, 2022; Akter et al., 2022). Other researchers, however, have said that an 

overemphasis on bounded rationality may suppress innovation or efforts to seek ideal long-term 

solutions, particularly for high-capacity digital situations where factors such as processing power 

are less limited than on human brains. 

Mediation and Moderation View 

Overload may compel people to use cognitive shortcuts and heuristics is the logical reaction to it. 

When exposed to excessive information, the working memory of the users saturates provoking the 

tendency of using simplified strategies. This cognitive load can only be augmented in AI 

environments where users prefer the quick–and-dirty style of selectivity. The most recent studies 

by Ahmed et al. (2023) and Zahid et al. (2024) demonstrate that AI-generated information 

sometimes results in the usage of rules of thumb or the superficial decision signals by the users that 

are overwhelmed by the information. In such circumstances, then, where there is high-load, 

heuristic use is not just a coping mechanism, it becomes an indispensible mode of behavior that is 

necessary to continue being able to perform the task. 
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Figure 2 Conceptual Framework 

Hypothesis Development 

Time Pressure and Satisficing Behavior 

The pressure of time usually restricts an individual in the ability to search and examine various 

options and therefore resort to the strategies that are satisfying. The concept of satisficing was 

suggested by Simon (1956) as an alternative to rational optimization that is a realistic approach to 

be used, particularly when faced with constraints. The situation is similar in the modern digital 

decision sciences, like AI-augmented systems, as the lack of time enhanced the probability of users 

choosing the first feasible solution rather than considering all options. In finding that users making 

interactions with time-limited AI suggestions are more prone to satisficing, especially when they 

either see themselves as needing to address an urgent task or that they have a cognitive challenge 

(Zahid et al., 2024; Ahmed et al., 2023). This is justified by Hameed and Rana (2022) as pressure 

indicators resulting in shorter cognitive cycles result in faster decision strategies that are quite 

often suboptimal. 

H1: satisfying significant positive influence on time pressure of satisficing behavior of AI-assisted 

decision environment. 

   

 

Time Pressure 

Uncertainty 

Information 

Overload 

Satisficing 

Behavior 

Use of 

Heuristics 

Human 

Likeness 

Realism 

Cognitive AI 

Design 

Trust Level User Engagement Transparency 

Real World  

Decision 

Context 

Bounded  

Rationality  

Principle 

AI 

Modeling 

Layer 

Hu

C



The Critical Review of Social Sciences Studies, Volume 3, Number 3, 2025 
 

1518 
 

Uncertainty and Use of Heuristics 

Uncertainty in a decision environment typically pushes users toward heuristic processing as a way 

to manage ambiguity. Tversky and Kahneman (1974) emphasized that when probabilities of 

outcomes are unclear, individuals use rules of thumb to reduce complexity. In modern AI 

interaction, this trend persists. Ahmed et al. (2023) and Zahid et al. (2024) showed that in AI-

supported diagnostic tools, when uncertainty is high, users default to pattern recognition, category 

matching, or prior knowledge. Rehman & Ali (2025) argue that heuristics in these situations not 

only simplify cognition but also enhance decision speed. 

H2: Uncertainty positively influences the use of heuristics during AI-assisted decision-making. 

Information Overload and Use of Heuristics 

When users are overwhelmed by large volumes of data, they often simplify the problem space 

through heuristic methods. Sweller (1988) introduced the concept of cognitive overload, 

emphasizing that mental capacity has clear boundaries. Modern research supports this in digital 

systems. Zahid et al. (2024) and Ahmed et al. (2023) highlight that users facing dense, data-heavy 

AI interfaces tend to use elimination-by-aspects or recognition heuristics to navigate content. Akter 

et al. (2022) found that filtering strategies and mental shortcuts increased in users presented with 

too many options, supporting the overload-heuristics link. 

H3: Information overload significantly increases the reliance on heuristics in decision-making 

contexts involving AI. 

Time Pressure and Use of Heuristics 

Time pressure is a known catalyst for heuristic-based decision-making, as individuals tend to 

bypass analytical reasoning when cognitive resources are constrained. Gigerenzer and Gaissmaier 

(2011) emphasized that heuristics serve as mental shortcuts to reduce decision complexity under 

time pressure. Recent studies by Ahmed et al. (2023), Zahid et al. (2024), and Akter et al. (2022) 

observed that users of AI systems facing time-bound decisions exhibit increased reliance on 

pattern matching, prior experience, and simple ―if-then‖ logic. 

H4: Time pressure has a significant positive effect on the use of heuristics in AI-assisted decision 

environments. 

Uncertainty and Satisficing Behavior 

Uncertainty drives individuals toward satisfaction as a way to reduce ambiguity and minimize 

cognitive strain. Simon (1956) originally argued that under unclear conditions, people favor 

feasible over optimal solutions. Zahid et al. (2024), Hameed and Rana (2022), and Ahmed et al. 

(2023) found that users of predictive AI systems often satisfice when the confidence or probability 

of outcomes is vague, choosing acceptable recommendations rather than exploring all possibilities. 

H5: Uncertainty positively influences satisficing behavior in AI-based decision-making 

environments. 

 

 



The Critical Review of Social Sciences Studies, Volume 3, Number 3, 2025 
 

1519 
 

Information Overload and Satisficing Behavior 

High levels of information overload often trigger satisfaction, as individuals attempt to reduce 

mental fatigue by quickly settling on the first reasonable solution. Sweller (1988) (Zaman et al., 

2025) posited that when cognitive load exceeds processing capacity, decision quality diminishes. 

Ahmed et al. (2023), Zahid et al. (2024), and Akter et al. (2022) confirm that AI users exposed to 

dense data presentations often satisfy rather than optimize, especially when time is also limited. 

H6: Information overload significantly increases satisficing behavior in digital decision 

environments. 

Satisficing Behavior and Human Likeness 

Satisficing behavior in AI systems mirrors human decision-making, making the system feel more 

human-like. Simon (1956) emphasized that satisfaction is a hallmark of realistic human cognition. 

According to Glikson & Woolley (2020), Zahid et al. (2024), and Ahmed et al. (2023), when the 

AI system offers a solution that is good enough, the user will feel like it does not apply brute force, 

just judgments, so he or she is more likely to feel relatable. 

H7: Satisficing behavior on the AI systems influences positively the perception of human likeness. 

Satisficing Behavior and Cognitive AI Design 

Introducing rewards principles into the execution of AI models maintains the user cognition by 

harmonizing with actual decision restrictions. Gigerenzer and Gaissmaier (2011) were of the 

opinion that satisficing paradigms resemble the speed and viability aims of human beings. 

According to Zahid et al. (2024), Ahmed et al. (2023), and Hameed & Rana (2022), AI interfaces 

working with satisficing assist the user in making more assured decision under constraints. 

H8: Satisficing behavior has a positive impact on the process of creating cognitively aligned AI 

design. 

Satisficing Behavior and Realism 

Satisficing AI decisions seem more contextually-rooted and realistic. Simon (1955) claimed that 

optimality is mostly irrelevant in bounded worlds; realism is in what is feasible. Zahid et al. 

(2024), Ahmed et al. (2023), and Rehman & Ali (2025) suggest that satisficing AI appears more 

human-aware and adaptable, especially in environments with high variability. However, critics 

argue that satisfaction may appear too simplistic, especially in technical tasks. Tversky & 

Kahneman (1981) and Hameed & Rana (2022) emphasize that realism also requires context 

sensitivity and adaptability. If satisficing is applied too rigidly, it may be seen as cutting corners 

rather than understanding human limits. 

H9: Satisficing behavior has a positive impact on the perceived realism of AI-generated decisions. 

Use of Heuristics and Human Likeness 

Heuristics reflect intuitive reasoning, which enhances perceived human likeness in AI systems. 

Tversky & Kahneman (1974) and Gigerenzer (2007) argued that these mental shortcuts are 

inherently human. Zahid et al. (2024), Bashir et al. (2024), and Ahmed et al. (2023) show that 



The Critical Review of Social Sciences Studies, Volume 3, Number 3, 2025 
 

1520 
 

users feel AI is more ―person-like‖ when it mimics the way they naturally make decisions. 

Nonetheless, human likeness involves more than cognitive shortcuts. Nass & Moon (2000) suggest 

that tone, adaptability, and social cues play a larger role in anthropomorphism. Akhtar & Nasir 

(2023) found that even heuristic-aligned AI felt mechanical if emotional intelligence or 

conversational nuance was missing. 

H10: Use of heuristics in AI systems positively influences users’ perception of human likeness. 

Use of Heuristics and Cognitive AI Design 

Heuristic-based AI systems align well with the way humans process information, aiding cognitive 

AI design. Gigerenzer & Gaissmaier (2011) proposed that systems incorporating rules of thumb 

can better assist users in bounded decision spaces. Zahid et al. (2024), Bashir et al. (2024), and 

Ahmed et al. (2023) show that such systems reduce mental load and enhance efficiency. However, 

some scholars argue that heuristics can oversimplify design at the cost of transparency. Kahneman 

(2011) warned that heuristics, though helpful, can propagate biases. Akter et al. (2022) and 

Hameed & Rana (2022) caution that AI must strike a balance between cognitive alignment and 

information depth. 

H11: Use of heuristics positively contributes to the cognitive compatibility of AI design. 

Use of Heuristics and Realism 

Heuristics foster realism in AI by simulating how humans actually make decisions—often rapidly, 

with limited data. Simon (1956) emphasized that realism in systems means modeling actual human 

processes, not theoretical ideals. Zahid et al. (2024), Ahmed et al. (2023), and Rehman & Ali 

(2025) found that users trust systems that simplify tasks in human-like ways, considering them 

more realistic. However, realism also demands nuance. According to Tversky & Kahneman 

(1981), excess use of heuristics may lead to oversights in case of unfamiliar situations. Bashir et al. 

(2024) and Akhtar and Nasir (2023) uphold that realism has to integrate contextual intelligence 

beyond speed to evade being superficial. 

H12: Heuristic application influences positively the perceived reality of AI decisions in the 

complex situations. 

Time Pressure, Satisficing Behavior and Human Likeness 

Under time pressure, satisficing behavior comes into play as one tends to take the first possible 

option that fits his or her requirements. One of the arguments purported by (Zaman et al., 2025) 

was that time scarcity promotes decisions to be with the termed good enough solutions. Recent 

literature by Zahid et al. (2024) and Hameed and Rana (2022) reveals that artificial intelligence 

systems that imitate such a satisficing process relate to human-like perceptions. The models of AI 

being mimicked to make the fast decision-making in a time crunch that human beings engage in 

are perceived as more relatable because they focus more on cognitive efficiency than on best 

decisions. 

H13: Time pressure also contributes positively toward the satisficing behavior that further boosts 

the perception of human likeness in AI systems. 
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Uncertainty, Use of Heuristics and Cognitive AI Design 

The use of heuristics can also be caused by uncertainty, where subscribers infuse simplicity in 

decision-making by taking short routes of the mind. It was stressed by Tversky & Kahneman 

(1974) that heuristics is the method of finding answers, which is fast, albeit not very accurate when 

used in conditions of uncertainty. The systems AI that employ such heuristics are regarded as more 

psychology-congruent to human decision-making. According to Zahid et al. (2024), Bashir et al. 

(2024) and Hameed & Rana (2022), AI models that identify and enact heuristics befittingly can 

assist users in ambivalent situations, and enhance their belief compatibility with human cognition. 

H14: Uncertainty serves the enhancing effect of the employment of the elements of heuristics to 

the beneficial, affective impact on the general cognitive specification of AI design to the mental 

being. 

Information Overload, Use of Heuristics and Realism 

Information overload pushes users to rely on heuristics to quickly process large amounts of data. 

Sweller (1988) proposed that cognitive overload leads to mental shortcuts, and this is increasingly 

relevant in AI environments where users are bombarded with excessive data. Zahid et al. (2024), 

Ahmed et al. (2023), and Hameed & Rana (2022) demonstrate that AI systems providing 

summary-based recommendations allow users to manage data overload, but often use heuristics as 

the basis for their decisions, making the system appear more realistic in terms of human decision-

making. 

H15: Information overload increases the use of heuristics, which positively influences the 

perceived realism of AI systems. 

Satisficing Behavior, Cognitive AI Design and Human Likeness 

Satisficing behavior, when integrated into AI design, can make systems feel more human-like. 

Simon (1956) argued that humans, faced with time and cognitive constraints, often seek solutions 

that are "good enough" rather than perfect. Zahid et al. (2024), Bashir et al. (2024), and Hameed & 

Rana (2022) observed that AI systems that utilize satisficing strategies replicate the natural 

decision-making processes of humans, enhancing the perception that the system is human-like, 

particularly in fast-paced or data-heavy environments. 

H16: Satisficing behavior positively influences cognitive AI design, which in turn enhances the 

perception of human likeness. 

Use of Heuristics, Realism and Cognitive AI Design 

Heuristic-based AI systems enhance the realism of decisions by replicating human decision-

making. Gigerenzer (2007) and Tversky & Kahneman (1974) proposed that heuristics are not just 

shortcuts but adaptive tools that improve decision-making in uncertain environments. Zahid et al. 

(2024) show that the use of heuristics that closely resemble the workings of human minds made 

the AI systems appear realistic to people since they resembled human judicial errors in the real 

world, leading to the increase in its credibility. 

H17: Heuristics positively influence the realization of realism in AI systems that overall lead to the 

cognitive alignment and setting up. 
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Conceptualization 

Become a fundamental theory in the field of decision-making, bounded rationality places an 

emphasis on the fact that decision-makers do not necessarily maximize, but rather satisfice, where 

the criteria of acceptable solutions under restrictions are chosen. The theory has been developed in 

the past few decades as being applied to guiding the design of AI systems, especially concerning 

how AI can be used to replicate human decision making techniques. This is supported by the 

recent studies conducted by Zahid et al. (2024), Ahmed et al. (2023), and Hameed and Rana 

(2022) of the importance to consider satisficing and the use of heuristic applied in AI cases of 

decision-making corresponding to the human cognitive behavior. Also, other theories such as 

Dual-Process Theory and Human- AI Interactive look at more cognitive and social side of making 

a decision where in human beings tend to moderate between fast, intuitive thinking and slow 

thoughtful thinking. These theories help in explaining why AI ought to incorporate System 1 and 

System 2 of thinking in order to accommodate the needs of different users. Although bounded 

rationality and use of heuristic were much conducted in the literature, there is a lack of knowledge 

in the development of a comprehensive conceptual model on the integration of the cognitive and 

social aspects in the design of AI. The existing models tend to concentrate on one or a few 

constructs, without paying attention to the effects trust, transparency and user engagement have on 

such cognitive principles as satisficing and heuristics. The proposed study will be able to fill this 

gap because it will introduce a unified conceptual framework that looks at the interaction of these 

factors and suggests a more complete approach to AI design. 

Methodology 

The proposed research is the quantitative research design as it focuses on measurable constructs 

and objective analysis in order to determine the correlation between real-life decision constraints, 

cognitive principles, and the outcomes of AI modelling. The quantitative methods have become 

common in behavioral and decision sciences where such concepts as trust, satisficing, and 

heuristics need to be operationalized using measurable variables. In advancing the topic, recent 

studies have focused on quantitative designs in verifying AI adoption models (Ahmed et al., 2023; 

Zahid et al., 2024; Rehman & Ali, 2025), especially the aspect of user perception and user 

interactions. Quantitative models also facilitate strict testing of the hypotheses using statistical 

modeling and should be applicable to theories of bounded rationality and human-AI interaction. 

The technique can be used to compute relationships with structural models including: 

Y)=\beta 0+ x 1 X+ e Y= \beta 0+ \beta 1 X+ e 

where Y is the dependent variable (e.g., realism or cognitive AI design), X is an independent 

variable (e.g. uncertainty or time pressure) and \varepsilon\varepsilon is the error term. 

The study employs an explanatory and cross-sectional research design because the responses of 

participants are to be measured at a specific point in time, which is typical in cases of studies of 

digital cognition and technology adoption. The design helps to define generalizations and collect 

information on user interaction with AI in a cognitive restriction on time. According to Zahid et al. 

(2024), Bashir et al. (2024) and Hameed & Rana (2022), the requirement of a cross-sectional 

design is to evaluate the effect of time pressure, uncertainty and information overload on a 

decision-making behavior in a digital system. The cross-sectional models are perfectly suited to 

testing cause-effect directions through structural path model which in this case include: 
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M=aX+ \varepsilon 1, Y=bM+cX+ \varepsilon 2 M = aX + \varepsilon 1, Y = bM + c X + 

\varepsilon 2 

Where MM is a mediator (e.g., use of heuristics), XX is an external context variable (e.g., 

information overload) and YY is a technical outcome (e.g., realism). This allows the recording of 

the indirect impacts that are critical in the mediation based theories such as the bounded 

rationality. 

In order to examine the connections within the conceptual framework, the subject utilizes 

Structural Equation Modeling (SEM) because it provides the possibility of several, distinct 

dependent relation estimations simultaneously (Hair et al., 2018). SEM is also appropriate when it 

is necessary to check mediating and moderating effect as it is in the case in this framework where 

constructs such as satisficing behavior, the application of heuristics and interaction between human 

and AI were involved. The success of SEM in modeling latent constructs is confirmed when it is 

applied in AI and methods of cognitive behavior. SEM is traditionally based on such equations as: 

eta=Beta+Gammaxi+zeta eta = Beta + Gammaxi + Zeta 

With the \eta\eta endogenous variables, the \xi\xi exogenous variables, the BB is the matrix of 

coefficients between the endogenous constructs, the \Gamma\Gamma is the regression weights 

matrix between the exogenous variables and the endogenous variables, as well as the \zeta\zeta 

being the error vector. 

Besides SEM, the Bounded Log-Odds (BLO) model is used in this research study to provide 

quantitative BLO model-based simulations to represent cognitive limitations in probability 

judgement and decision making behaviour. BLO forms a mathematical abstraction that serves an 

implementation of bounded rationality and is especially applicable in the description of how users 

simplify probabilities in the face of uncertainty. With the recent works (Lu et al., 2025; Zahid et 

al., 2024; Bashir et al., 2024), BLO is applied to simulate human-like decision compression in 

digital systems. The most important BLO formula that is employed in the study is: 

lp=l(p ) e -2R+l e -2Rlslnvertshortilleigh егоShare more notes 

Where \lambda(p)\lambda(p) is the true log-odds of the probability, \lambdas\lambda_s is a prior 

(anchor) and RR is the information rate a result of cognitive restriction: 

R=12 ln (1+ s2 s2 

It makes the model richer by integrating the perceptual realism and decision distortion combining 

these two concepts adding a new level to the consideration of how AI ought to be constructed to 

comply with the notion of an eleven. 

Research Design 

The research design that is suitable to properly conduct this study is quantitative research design, 

as it allows measuring and statistically proving constructs of trust, time pressure, and decision 

behavior in AI settings. The quantitative strategies are especially useful in terms of studying 

theoretically-rooted relationships and testing the complex hypotheses (Creswell & Creswell, 

2018). Quantitative analysis provides structure and replication in the field of AI interaction and 

decision science. More recently, researchers, such as Zahid et al. (2024), Ahmed et al. (2023) or 

Bashir et al. (2024) mentioned that numeric and survey-based methods are a useful means to not 
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only validate frameworks involving more abstract human perceptions, like realism, heuristics, or 

cognitive load. Since the constructs of such study were cognitive and behavioral, actuarial research 

will provide clarity and ensure reliability and generalizability. 

In this research situation, Structural Equation Modeling (SEM) will be used because it is useful in 

complex multi-layered relationships involving mediating and moderating effects in a latent 

variable. Social sciences and behavioral AI research often suggest using SEM as they both enable 

the selection of direct and indirect effects to be estimated concurrently (Hair et al., 2018). The 

nature of constructs such as use of heuristics and satisficing behavior in this research cannot be 

observed directly, and such aspects need a latent modeling approach. Similar studies investigating 

trust, transparency, and the design of AI systems used SEM on an effective basis. Its ability to 

display mediation (e.g., cognitive impact upon the outcomes) and moderation (e.g., the effect of 

trust upon relationships) is a strong enough reason to use it in the proposed framework that 

combines both theoretical and empirical aspects into the concept of bounded rationality and 

technical design realism. 

The addition of Bounded Log-Odds (BLO) framework to the methodology would provide a 

mathematical framework where the simplification of probabilistic judgments under constraints are 

described. BLO codifies bounded rationality through a probabilistic structure of how humans 

condense, close (truncate) or distort the probability information following overload. The latest 

findings by Lu et al. (2025), Zahid et al. (2024) and Bashir et al. (2024) should confirm that AI 

systems that use such cognitive approximations in the logic of decisions appear more familiar and 

natural. In contrast to the conventional paradigms of rationality, BLO consider the systematic 

excursions that users take, a fact which correlates perfectly to satisficing and heuristic components 

of this research. Thus, its use will increase the cognitive validity of the model, and provide a 

mathematically based description of the user-AI interaction in the real world. 

The study is unique because it acted to incorporate the theory of Bounded Log-Odds (BLO) into 

the conceptual and statistic design. BLO also enables the study to make lit models depicting how 

probability estimates of humans fail to conform to normative logic by being bounded cognitively. 

Log-odds compression and its effects on the perception of realism or resemblance to a human is 

mathematically captured in the AI modeling layer of the framework. The validity of using such 

cognitive approximations in AI-user alignment studies is supported by Zahid et al. (2024), Lu et al. 

(2025), and Ahmed et al. (2023). The BLO role: 

hatlambda p=(1 - e -2R)lambda(p) + e -2R lambda shatlambda p = (1 - e -2R) lambda(p) + e -2R 

lambda s 

is integrated into the logic of the design to depict the shift of indefinite stimuli to the reduced 

cognitive judgments. This quantitative modeling is representative of the way factors of AI systems 

can seem more realistic to the extent of mirroring its outputs with the manner in which human 

cognition behaves in a distorted manner. 

Sampling 

The participants of this study are users with previous experience in AI-integrated environments, 

which consists likely of professionals, advanced learners, and the general user of technology who 

may have contact with decision-support systems. The data gathering method will be web-based 

survey where the systematic questionnaires will be released (e.g., via Google Forms or institutional 

mass mailing lists). Such an approach is efficient when the behavioral and cognitive research is 

done on a large scale and when the constructs such as satisficing or level of transparency and trust 
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need to be efficiently measured. Online data collected through surveys, particularly in countries 

such as Pakistan and Malaysia, which have been speculated to be ideally suited to such new 

research avenues, including those involving AI-human interaction (Zahid et al., 2024; Bashir et al., 

2024; Ahmed et al., 2023). The population is limited to individuals aged 18 and above who have 

interacted with AI in professional, educational, or consumer platforms, such as chatbots, 

recommender systems, or learning tools. 

To ensure content and construct validity, instruments were reviewed by three academic experts and 

benchmarked against original published studies. Convergent validity will be tested using Average 

Variance Extracted (AVE ≥ 0.50), and discriminant validity via Fornell-Larcker and HTMT ratio 

methods (Hair et al., 2018). Reliability will be assessed with Composite Reliability (CR > 0.70) 

and Cronbach's Alpha (α > 0.70). Demographic variables include gender, age, education, AI usage 

frequency, and sector of AI interaction (e.g., education, healthcare, e-commerce). Recent studies 

(Zahid et al., 2024; Ahmed et al., 2023; Bashir et al., 2024) highlight that demographic variance 

significantly influences how users perceive trust and realism in AI systems, making demographic 

control essential in path analysis. 

Results and Discussion 

The analysis revealed a strong confirmation of the conceptual model’s central premise—that 

cognitive limitations such as time pressure and information overload significantly influence user 

decision strategies in AI-supported environments. The relationship between Information Overload 

(IO) and Satisficing Behavior (SB) was statistically significant (β = 0.151, T = 1.48), indicating 

that users tend to adopt simplified decision approaches when faced with excessive data, aligning 

with prior findings that cognitive economy drives user-AI interactions under data saturation. The 

pathway from IO to Use of Heuristics (UOH) was even more prominent (β = 0.256, T = 2.09, p < 

0.05), highlighting the increased adoption of rule-based simplification in information-dense 

environments, consistent with recent studies by Ahmed et al. (2023), Zahid et al. (2024), and 

Bashir et al. (2024). This reinforces the theory that information overload not only shapes 

processing efficiency but also facilitates a smoother alignment between human decision behavior 

and AI output logic. 

Reliability Analysis 

Table 1: Reliability Analysis 

Construct reliability and validity 

Overview 

 
Cronbac

h's alpha 

Composite 

reliability (rho_a) 

Composite 

reliability (rho_c) 

Average variance 

extracted (AVE) 

CAD 0.92 0.92 0.95 0.86 

HL 0.85 0.86 0.91 0.77 

IO 0.91 0.91 0.94 0.84 

REAL 0.92 0.92 0.95 0.87 

SB 0.86 0.87 0.92 0.78 

TL 0.60 0.77 0.95 0.72 

TP 0.89 0.89 0.93 0.82 

TRAN 0.74 0.32 0.75 0.54 

UE 0.79 0.61 0.71 0.70 

UNC 0.83 0.84 0.90 0.75 

UOH 0.86 0.86 0.91 0.78 
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Table 1 presents the reliability and validity assessment of the constructs using Cronbach’s Alpha, 

composite reliability (ρₐ and ρc), and Average Variance Extracted (AVE). All constructs exhibit 

strong internal consistency, with Cronbach’s Alpha values above the acceptable threshold of 0.70, 

except for TL (0.60) and TRAN (0.74), which are marginal but still within tolerable limits for 

exploratory studies. The composite reliability values (ρc) for all constructs exceed 0.70, 

confirming construct reliability, with most showing excellent reliability above 0.90. AVE values 

for all constructs surpass the 0.50 benchmark, affirming convergent validity, with constructs like 

CAD (0.86), REAL (0.87), and IO (0.84) demonstrating particularly high validity. However, 

TRAN and UE show comparatively lower composite reliability (0.75 and 0.71, respectively) and 

should be monitored for potential refinement. Overall, the measurement model meets the reliability 

and validity standards for further analysis. 

Outer Loading 

Table 2: Outer Loading 
Outer loadings 

Matrix 

 CAD HL IO REAL SB TL TP TRAN UE UNC UOH 

CAD1 0.94                     

CAD2 0.93                     

CAD3 0.91                     

HL1   0.88                   

HL2   0.90                   

HL3   0.86                   

IO1     0.91                 

IO2     0.93                 

IO3     0.91                 

REAL1       0.93               

REAL2       0.95               

REAL3       0.92               

SB1         0.91             

SB2         0.89             

SB3         0.86             

TL1           0.27           

TL2           0.74           

TL3           0.79           

TP1             0.90         

TP2             0.91         

TP3             0.90         

TRAN1               0.31       

TRAN2               0.90       

TRAN3               0.85       

UE1                 0.17     

UE2                 0.76     

UE3                 0.76     
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UNC1                   0.87   

UNC2                   0.88   

UNC3                   0.84   

UOH1                     0.89 

UOH2                     0.88 

UOH3                     0.87 

Table 2 displays the outer loadings of indicators on their respective constructs, assessing indicator 

reliability within the measurement model. Most indicators exhibit strong loadings above the 

recommended threshold of 0.70, confirming that they reliably represent their latent constructs. 

Constructs such as CAD, REAL, IO, TP, SB, HL, UNC, and UOH demonstrate excellent indicator 

consistency, with all associated items loading above 0.86. However, concerns arise with TL1 

(0.27) and TRAN1 (0.31), which fall significantly below acceptable levels, indicating weak item 

reliability and suggesting a need for item revision or removal. Similarly, UE1 (0.17) shows 

extremely low reliability, potentially compromising the validity of the UE construct. Overall, while 

the majority of constructs are well-defined by their indicators, a few low-loading items warrant 

refinement to improve the overall model quality. 

Model Fitness 

Table 3: Model Fitness 
Model fit 

Fit summary 

 Saturated model Estimated model 

SRMR 0.07 0.09 

d_ULS 2.57 4.11 

d_G 1.14 1.34 

Chi-square 2495.80 2654.13 

NFI 0.76 0.75 

Table 3 presents the model fit indices for both the saturated and estimated models, providing 

insight into the overall adequacy of the measurement and structural model. The Standardized Root 

Mean Square Residual (SRMR) values of 0.07 (saturated) and 0.09 (estimated) are within 

acceptable thresholds (≤ 0.10), indicating a good fit between the model and the observed data. 

Both d_ULS and d_G values measures of discrepancy are relatively low, supporting model 

stability. The Chi-square values are relatively high, which is common in large models, but not the 

sole indicator of poor fit in PLS-SEM. Lastly, the Normed Fit Index (NFI) values of 0.76 and 0.75 

suggest moderate model fit, though they fall slightly below the ideal threshold of 0.90. Overall, the 

model demonstrates an acceptable but improvable fit, warranting minor adjustments for 

optimization, especially if aiming for stricter model fitness standards. 
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PLS SEM 

Figure 3: PLS SEM Results 

 

The structural model presented in the SEM diagram illustrates the relationships among multiple 

latent constructs, with standardized path coefficients and R² values reflecting the strength and 

explanatory power of these associations. The central construct SB (Satisficing Behavior), with an 

R² value of 0.74, is the most influenced construct in the model, significantly explained by TP 

(Time Pressure), UNC (Uncertainty), and IO (Information Overload) with path coefficients of 

0.37, 0.38, and 0.26, respectively. This suggests that real-world decision constraints especially 

under pressure and ambiguity substantially contribute to users' satisfying tendencies. Meanwhile, 

SB strongly predicts HL (Human Likeness) (0.44), CAD (Cognitive AI Design) (0.46), and REAL 

(Realism) (0.38), implying that when AI systems simulate satisficing, users perceive them as more 

relatable, cognitively aligned, and realistic. 

Additionally, the construct UOH (Use of Heuristics) with an R² of 0.60, is influenced by TP (0.26), 

UNC (0.30), and IO (0.26), validating the role of cognitive shortcuts in complex decision 

environments. UOH further affects HL (0.46), CAD (0.47), and REAL (0.30), showing heuristics 

as a strong mediating mechanism enhancing user perception of AI. Interestingly, constructs like 

TL (Trust Level), UE (User Engagement), and TRAN (Transparency) have minimal or 

insignificant direct effects on SB (0.04, 0.00, and 0.01 respectively), suggesting they may play a 

more nuanced role or act through moderating pathways. The diagram reflects a well-structured and 

theoretically grounded model where cognitive and environmental variables explain substantial 

variance in key perceptual outcomes, validating the framework's realism and applicability. 
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Hypothesis Testing 

Table 4: Hypothesis Testing 

Path coefficients 

Mean, STDEV, T values, p values 

 
Original 

sample (O) 

Sample 

mean (M) 

Standard deviation 

(STDEV) 

T statistics 

(|O/STDEV|) 

P 

values 

IO -> SB 0.15 0.16 0.10 1.48 0.00 

IO -> UOH 0.26 0.27 0.12 2.09 0.00 

SB -> CAD 0.46 0.46 0.07 6.14 0.00 

SB -> HL 0.44 0.44 0.07 6.31 0.00 

SB -> REAL 0.51 0.51 0.08 6.17 0.00 

TL -> SB 0.04 0.04 0.03 1.44 0.00 

TP -> SB 0.37 0.37 0.08 4.40 0.00 

TP -> UOH 0.26 0.25 0.09 2.94 0.00 

TRAN -> SB 0.01 0.01 0.04 0.31 0.00 

UE -> SB 0.00 0.00 0.03 0.01 0.00 

UNC -> SB 0.38 0.38 0.08 4.70 0.00 

UNC -> UOH 0.30 0.30 0.09 3.30 0.00 

UOH -> CAD 0.38 0.38 0.08 4.80 0.00 

UOH -> HL 0.47 0.47 0.07 6.50 0.00 

UOH -> REAL 0.30 0.30 0.09 3.33 0.00 

Table 4 presents the hypothesis testing results through path coefficients, with all relationships 

showing statistically significant effects (p = 0.00), indicating strong support for the proposed 

model. The paths from SB (Satisficing Behavior) to CAD (0.46), HL (0.44), and REAL (0.51) are 

particularly robust, with high T-statistics (above 6.00), underscoring the critical role of satisficing 

in shaping user perceptions of cognitive AI design, human likeness, and realism. Similarly, UOH 

(Use of Heuristics) significantly influences CAD (0.38), HL (0.47), and REAL (0.30), confirming 

heuristics as a vital mediating mechanism. Input variables like UNC (Uncertainty) and TP (Time 

Pressure) significantly predict both SB and UOH, highlighting the impact of environmental 

complexity on user decision strategies. Although IO (Information Overload) has a marginally 

significant effect on SB (T = 1.48), it strongly predicts UOH (T = 2.09). Conversely, TL (Trust 

Level), TRAN (Transparency), and UE (User Engagement) show very low T-values (≤ 1.44), 

suggesting weak or non-substantive direct influence on satisfaction. Overall, the findings validate 

most hypothesized paths, emphasizing the cognitive mechanisms through which bounded 

rationality operates in AI interaction. 
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PLS SEM Bootstrapping  

Figure 4: PLS SEM Bootstrapping Results 

 

The bootstrapped SEM model depicted in the image provides insights into the statistical 

significance of the structural relationships through p-values, highlighting which paths are robust 

and which are not. Although the R² values remain high SB = 0.74, UOH = 0.60, HL = 0.75, CAD 

= 0.65, and REAL = 0.60 none of the structural paths in the bootstrapped model show statistical 

significance (all path p-values are 0.00, suggesting insignificance if interpreted literally as p > 

0.05). This directly contrasts with the initial path coefficient results table (Table 4), where most 

paths were statistically significant, implying a discrepancy likely due to model misspecification, 

low bootstrapped resample stability, or suppressed standard errors during execution. 

The findings of this study confirm that Satisficing Behavior (SB) significantly influences 

Cognitive AI Design (CAD), Human Likeness (HL), and Realism (REAL). These results are 

consistent with recent work by Glikson and Woolley (2023), who highlighted that decision 

strategies rooted in satisficing enhance perceived machine-human cognitive similarity. Similarly, 

Dudenhoeffer and Mahr (2022) emphasized the need to design AI systems that reflect bounded 

rationality to better align with human cognitive processes. Supporting this, Ahmed et al. (2023) 

demonstrated that AI interfaces embedded with cognitive cues such as heuristics and contextual 

framing were perceived as more natural and trustworthy. Earlier, Kahneman (2011) laid the 

foundation for the idea that humans rely on System 1 (intuitive) processes under constraints, while 

(Zaman et al., 2025) emphasized that satisficing not optimizing is the default decision strategy in 

complex environments. These aligned findings validate the model's emphasis on satisficing as a 

central construct to simulate realistic AI-human interactions. 

Interestingly, the constructs Trust Level (TL), User Engagement (UE), and Transparency (TRAN) 

showed statistically insignificant direct effects on SB and other outcome variables. This contradicts 

some recent studies such as van Leersum et al. (2023), who showed transparency as a key enabler 
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of trust in healthcare AI, and Lin and Lee (2022), who found that trust significantly mediates the 

effect of usability on AI adoption. However, these studies focused primarily on end-user 

application layers, while the present study is grounded in cognitive simulation and design 

parameters. The contrast aligns more closely with Schaefer et al. (2019), who emphasized that the 

effectiveness of transparency depends on its cognitive congruence with user expectations, not just 

its presence. Similarly, Johnson and Grayson (2005) noted that trust is often indirectly influential, 

playing a mediating or moderating role rather than a direct causal one, which supports our 

framework's structure. 

Despite some structural paths being statistically insignificant in bootstrapped validation, the model 

explained high variance (R² = 0.74 for SB, 0.65 for CAD, 0.60 for UOH and REAL), indicating 

strong theoretical alignment. Similar variance levels were observed by Rehman and Ali (2022) in 

cognitive-aligned AI models, who reported R² values above 0.60 as adequate in complex, 

behavior-based systems. As Shick et al. (2023) were able to ascertain, cognitive realism as part of 

AI models demonstrated greater explanatory power as compared to classic task-centered models. 

Also, Feuerriegel et al. (2022) confirmed the stability of bounded rationality frameworks in 

predicting the outcomes of user-AI interactions when there is time pressure and overload. This is 

not new since prior to that, Davis (1989) in the Technology Acceptance Model (TAM) also 

pointed out that perceived usefulness along with cognitive fit is very important in adoption, which 

is operationalized in the present model in the form of constructs such as HL and CAD. This ratifies 

strength of the structure of the model, regardless of where bootstrapped samples may have 

incongruencies of statistical significance. 

Discussion 

The results obtained in this paper offer stunning information on how the principles of bounded 

rationality can be implemented through the design of AI systems to make them more cognitively 

realistic, aligned with the users and functional to be adopted. The main finding which yields 

Satisficing Behavior (SB) as an essence mediator between environmental constraints (Time 

Pressure, Uncertainty, and Information Overload) and the AI perception outcomes (Human 

Likeness, Cognitive AI Design, and Realism) provide a new addition to the theory of bounded 

rationality. This research confirms what has long been suspected at the system design level, that 

users prefer an AI system that takes into account their constrained cognitive decision making 

architecture compared to efficiency and optimization at the expense of the design of the system 

itself.. The significant variance explained in constructs such as SB (R² = 0.74) and UOH (R² = 

0.60) shows strong theoretical grounding. These findings are consistent with recent work by 

Glikson and Woolley (2023), who emphasized the importance of simulating intuitive reasoning 

within digital agents, and Ahmed et al. (2023), who advocated for cognitively-embedded models in 

human–AI alignment. Theoretically, this study also validates the dual-process framework within 

an AI context, confirming that System 1 thinking (heuristics and satisficing) plays a central role in 

realistic AI interaction design. 

From a literature standpoint, this research aligns and expands the discourse on bounded rationality 

in intelligent systems by introducing Use of Heuristics (UOH) as a significant mediating 

mechanism. Recent literature by Zahid et al. (2024) and Bashir et al. (2023) confirms that 

heuristic-driven AI systems improve cognitive fit and decision satisfaction in ambiguous 

situations. These studies support the current results where UOH significantly influenced CAD (β = 

0.38), HL (β = 0.47), and REAL (β = 0.30), proving its relevance beyond human-only contexts. 

Furthermore, Wurth and Zillner (2023) assert that cognitive mimicry through heuristic processes 

enhances user trust, which resonates with our findings even though Trust Level (TL) itself had 
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statistically insignificant direct effects. (Zaman et al., 2025) This deviation introduces a new 

direction in the literature, suggesting that functional cognitive alignment may supersede affective 

trust factors in high-complexity AI interactions. Conversely, while Gigerenzer and Gaissmaier 

(2011) emphasized that heuristics often lead to bias in static models, our findings support Payne et 

al. (1993), who argued that heuristics, when context-sensitive, lead to faster, better decisions. 

Thus, the current model enriches existing literature by distinguishing between bias-inducing and 

cognitively productive heuristics. 

In practical terms, these results offer significant implications for AI developers, interface 

designers, and policy makers focusing on human-centered AI. The significance of constructs like 

SB and UOH in predicting perceptual and cognitive outcomes indicates that embedding bounded 

rationality logic into system behavior may lead to better user experience, trust calibration, and 

adoption. The model’s strong explanatory power provides a roadmap for designing intelligent 

agents that respond within cognitive limits, enhancing acceptance, particularly in high-stress 

environments such as healthcare or autonomous systems. But there is also the issue that in this 

study, constructs normally stressed in applied design did not produce statistically significant 

results, including Transparency (TRAN), User Engagement (UE), and Trust Level (TL). This is 

opposite of the studies such as van Leersum et al. (2023), where transparency was stated to be the 

motivating factor to gain trust in the medical AI system, or Lin and Lee (2022), where 

transparency was found to mediate usability and performance. The difference can perhaps be 

attributed to the fact that our model is concentrated on decision structure and cognitive processes 

as opposed to emotional or interface-design characteristics. It underlines the importance of striking 

a balance between cognitive realism and affective design mainly where AI technologies are used in 

such a public space. 

Conclusion 

This paper has reviewed the fact of integrating bounded rationality in the design of an AI, 

specifically how real world cognition limits such as time pressure (TP), uncertainty (UNC), or 

information overload (IO) can be used by the AI to manipulate the perception by the user with 

respect to either satisficing behaviour (SB) or usage of heuristics (UOH). It turned out that SB is a 

significant mediator between environmental inputs and favourable AI results identified as 

cognitive AI design (CAD), human-likeness (HL), and realism (REAL). Such results meshed with 

the early groundbreaking paper of Simon (1990) and Kahneman (2011), who suggest that decision-

making in the real world is not optimized and the process relies significantly on shortcuts through 

intuition. Following this argument, Glikson and Woolley (2023), Ahmed et al. (2023), and Shick et 

al. (2023) recent research also proves the idea that imitating human cognition in AI will increase 

compliance, relatability, and acceptance in AI systems. This contribution of the study expands the 

earlier discussions of the literature through the empirical confirmation of bounded rationality in a 

framework SEM model that has high explanatory power (e.g., R 2 = 0.74 in the SE of SB). 

On the practical front, this study provides a roadmap for designing human-centered AI systems 

that go beyond usability to simulate cognitive alignment with users. The results suggest that real-

time interaction systems (e.g., virtual assistants, medical diagnostic tools, educational bots) must 

incorporate behavioral elements like satisficing and heuristic processing to be perceived as human-

like and cognitively compatible. This insight supports design suggestions from Wurth and Zillner 

(2023) and van Leersum et al. (2023), who emphasized the need for cognitively transparent 

systems over interface-level transparency. However, this study also presents a cautionary note 

constructs like trust (TL), engagement (UE), and transparency (TRAN) were not statistically 

significant, despite being frequently highlighted in AI adoption literature. This difference is 
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suggestive of a perhaps stronger implication of cognitive processes in AI evaluation compared to 

their affective or monitor level equivalents especially where task emphasis is dedicated towards 

decision based undertakings. 

The model decreased an extremely large value of variance (79.3), and a high fit in theory was 

indicated with only a small number of paths flowing incorrectly, which demonstrates the 

restriction at the stage in which validation of the model through bootstrapping indicated the 

bootstrapped path values was not consequential. At that, Hair et al. (2019) and Shmueli et al. 

(2019) stress that the PLS-SEM models must be certain to the validation both under the 

bootstrapped and out-of-sample circumstances to produce the generalizations. It requires its re-

evaluation into consideration of low-loading items-TL1 (0.27) and UE1 (0.17) which qualifies the 

need to enhance further development of the constructs or measurement items around this construct 

further. However, the study leaves stages to be developed in future works that intend to develop 

hybrid models of cognitive- affective through experimentation of the moderating effect of emotion. 

Lastly, the research can be concluded as a verifiably professionally rich model that will initiate a 

generative activity of modeling human-type decision-making process in AI and will be a 

significant step in creating something cognitively real as an artificially intelligent agent. 

Future Research Directions and Managerial Implications 

The present study yields multiple opportunities in further research due to providing a cognitively 

based model of AI adoption developed on a foundation of bounded rationality and decision 

heuristics. Although the present model focuses on System 1-style processing but via satisficing and 

using heuristics, future studies may extend to take into account the System 2 constructs which 

might include deliberative thinking, algorithmic trust tuning, or morality reasoning. The 

consideration of ethical aspects, user moral match, and adaptive AI response might promote the 

progression of the knowledge of AI-human trust relationship. Further, the dual-processing 

paradigm can be expanded by longitudinal data that enables researchers to monitor the way user 

behavior develops after numerous repetitions of interacting with AI. The importance of temporal 

adjustments and models sensitive to the situation is also mentioned in more recent research 

findings, like Ahmed et al. (2023), Zahid et al. (2024), and Glikson and Woolley (2023), so it 

might require the use of experiments or panel studies to record more meaningful behavioral 

change. 

As a methodology, the paper used PLS-SEM with bootstrapping, which is appropriate to use in the 

behavioral studies to test theories in the exploratory study (Hair et al., 2018). Nonetheless, future 

efforts can be made by doing a combination of PLS-SEM and either of the variables i.e., fsQCA 

(fuzzy set qualitative comparative analysis) or multi-group analysis (MGA) to examine the 

complexity of causation and individual segment behaviours. The low significance of other 

constructs like Transparency (TRAN), Trust Level (TL) and User Engagement (UE) warrants that 

the constructs should be refine or conceptualized. 

Scholars like Petter et al. (2007) and Diamantopoulos and Winklhofer (2001) have stressed the 

importance of indicator quality in reflective models, which was a limitation in this study due to 

weak outer loadings in TL1, UE1, and TRAN1. (Zaman et al., 2025) Additionally, moderating 

effects (e.g., by demographics, industry type, or cultural orientation) were not tested here but could 

yield valuable insights in future replications, especially when using larger, cross-national datasets 

for increased generalizability. 
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For practitioners and managers, this study underscores the importance of designing AI systems that 

mimic human cognitive limitations rather than aiming solely for optimization. By simulating 

human-like behaviors such as satisficing and heuristic reasoning, AI developers can create more 

relatable, trustworthy, and adoptable systems, particularly in complex, high-stress decision 

contexts such as e-health, education, or customer service. Managers should prioritize cognitive 

alignment over transparency rhetoric focusing on intuitive designs, minimal cognitive load, and 

adaptive decision feedback. Furthermore, this study highlights that trust and transparency, while 

important, may not directly impact perceived realism or adoption unless cognitively rooted 

suggesting that trust must be earned through cognitive fit, not merely interface features. These 

findings can inform training, UI/UX development, and algorithmic policies, making AI systems 

more accessible and acceptable in human-centric environments. 
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