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Abstract: 

This research adopts systems thinking methodology as its main approach to revealing the complex processes 
that affect doctors' reliance on artificial intelligence (AI). We present a theoretical framework that shows how 
trust in AI varies over time due to various factors like patient outcomes, workload, diagnostic difficulties, AI 
accuracy, prior faith in AI, and user competence, among others. While the study's goal was not to predict 
specific outcomes, the relationships between these variables were extracted from the existing literature to 
explore possible scenarios. Researchers using simulation-based analysis determined that as clinical workload 
and diagnostic complexity increase, both the AI and the human clinician, doctors' trust in AI declines. Another 
finding was that when diagnosis is easy, there is an increase in workload but trust remains stable. However, trust 
is dramatically reduced in case of hard work. This is the point where the findings of the research ring loud and 
clear, the AI system and the respective training should be designed in such a manner that they are trust-confident 
settings, especially in hectic clinical situations. This study gives some practical tips for people making AI tools 
and for hospitals or groups that want better teamwork between humans and machines. It also helps push forward 
what we know about how trust actually works when doctors start using AI in their practice. The key here is not 
forcing a simple approach on everything. Some cases are trickier than others, and that affects things a lot. 
Keywords: Artificial intelligence in healthcare, clinician trust dynamics, human–AI collaboration, system 
modeling, clinical decision support, workload effects, diagnostic complexity, trust calibration. 
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1. Introduction 
1.1 AI Integration in High-Stakes Clinical 
Decisions 
The healthcare sector is increasingly utilizing 
artificial intelligence, particularly for tasks like 
overseeing patient care and assisting with clinic 
diagnosis or decision-making. Though adoption is 
not even widespread in the sector, it appears that 
there are all these revolutionary potentials. Even 
with shown advancements in activities like 
prognostics and diagnostics [1], [4], [7], problems 
with responsibility and trust impede progress, 
especially given the hazards involved. Physicians 
end up morally and legally on the hook for their 
judgments, even if they are based on AI advice [2], 
[8], and that makes the uncertainty hit harder in this 
field. Recent stuff in machine learning has boosted 
predictive accuracy and efficiency in various 
clinical areas [3], [5]. Healthcare systems are 
pulling in AI fast to assist with monitoring patients, 
planning therapies, and all that diagnosis work. But 
applying it in real clinical processes is still pretty 
patchy, despite the tech advances, especially when 
decisions directly affect safety and outcomes. 
Clinicians need to feel confident understanding and 
validating those AI suggestions, just as much as the 
algorithms being accurate themselves, since patient 
safety is on the line[10]. 
 
This gap between what the technology can do and 
how humans accept it points to trust being more of 
a situational thing, dynamic rather than some fixed 
attitude. Unlike old tools, AI often acts like these 
opaque agents or semi-autonomous ones, which 
brings up questions about their limits, how they 
fail, and what their reasoning even looks like. 
Some people might see it as straightforward; others 
worry its messy in high stakes spots. 
1.2 Trust Calibration as a Barrier to AI 
Adoption 
When it comes to the way clinicians interact with 
AI-based decision support systems, trust is 
important. While mis calibrated trust can result in 
either underutilization or overreliance, properly 
calibrated trust helps clinicians to receive 
advantages from AI assistance with keeping 
important control [6], [7]. Based on empirical 
research, physicians sometimes find it difficult to 
compare their level of trust with the capacity of the 
system, particularly when its performance changes 
between patient groups or clinical conditions. 
Clinicians can ignore helpful AI recommendations 

due to a lack of trust, which will remove any 
possible advantages. On the other hand, a lack of 
trust can decrease attention and mistake detection, 
increasing the risk of problems when AI systems 
fail or function outside of their allowed limits. 
These difficulties show the primary need for the 
safe and quick use of AI in healthcare settings is 
trust calibration to avoid trust maximization. 
1.3 Limitations of Static Trust Evaluation 
A large portion of the literature now in publication 
views trust in AI as a somewhat stable attitude or 
impression that is measured at one point in time, 
using polls or post-interaction reviews [6], [9]. 
Since these methods give useful pictures of user 
opinion, they are difficult to express how trust 
increases as the result of continuous situations, 
error exposure, and delayed effects of therapy. 
Many research investigations divide the factors that 
influence trust in healthcare AI into three main 
types: contextual or external factors, AI system 
characteristics, and individual characteristics [10]. 
Clinical decision-making is dynamic by nature. 
Clinicians' views of AI's accuracy may change as 
fresh data is to choose from and results can fail to 
show up for days or weeks after an AI-supported 
decision is taken [11], [12]. So static measurements 
of trust are not enough to explain how trust 
develops, decreases, or maintains over the years, 
particularly in situations that are affected by 
uncertainty, workload pressure, and changing 
difficulty of tasks. The AI might continue to 
provide similar suggestions at this point in time, 
and the clinician can continue to do so without 
realizing the new risk. In the healthcare industry, 
where the impact of clinical decisions is frequently 
noticed slowly all-over complex patient 
trajectories, this delayed feedback loop is 
particularly important. 
1.4 Need for a Systems-Oriented Perspective 
We need to think about trust in AI as something 
that is always changing and improving based on 
feedback. This is really important for dealing with 
the problems we are facing. Clinical AI is part of a 
system that includes people and technology. The 
way clinical AI systems work together. Affect each 
other is based on a lot of research from different 
fields. When we look at AI as a system, we can see 
that trust is not something that stays the same. It is 
always evolving and is affected by things, 
including how well patients do how much clinical 
experts know, how busy they are, how hard it is to 
diagnose patients and how accurate the clinical AI 
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is. Clinical AI and these other factors are all. 
Impact each other. Researchers and people who 
make decisions about healthcare can use systems 
thinking to understand how trust works with 
Artificial Intelligence. Artificial Intelligence is a 
part of this. By understanding Artificial Intelligence 
and trust they can make plans, for teaching people 
about Artificial Intelligence, designing systems and 
making rules. The goal is to make sure Artificial 
Intelligence is used safely and reliably in situations 
and that Artificial Intelligence is used in a way that 
helps people. This method makes it possible to 
investigate how trust reacts over time to constant 
performance patterns, rare failures, and contextual 
stresses [7], [11]. In order to overcome these 
constraints, this study uses a systems thinking 
methodology to create a dynamic conceptual model 
that illustrates how different elements interact to 
affect AI trust. In particular, we investigate how 
workload, diagnostic challenges, AI accuracy, 
patient outcomes, past trust in AI, and physician 
expertise all affect how trust develops over time. 
2. Literature Review 
The rapid introduction of artificial intelligence in 
healthcare has led to an increasing amount of 
research that is concerned with factors determining 
patients' and doctors' trust in AI. The transition to 
AI-based decision support systems might be 
facilitated by the users' experience with digital and 
complex technologies, as reflected in disciplines 
like radiology [13], [14]. Although the studies 
cover a variety of health care sectors, a system-
based framework that recognizes the dynamic and 
interrelated factors influencing trust is still 
necessary for these findings to be harmonized. AI 
tools are often blamed for lacking compassion and 
being insensitive to the context, two qualities that 
are greatly valued in the patient-therapist 
relationship [15], [16]. Even if the literature covers 
a variety of healthcare fields, a system-based 
approach that takes into consideration the dynamic 
and interconnected elements affecting trust is still 
required to integrate these findings. In this section, 
we covered the key facts of trust in AI, identified 
the problems of previous studies, and demonstrated 
the extent to which their work elevates the 
discourse. 
2.1 Cognitive and Behavioral Determinants of 
AI Trust 
Several studies confirm that cognitive and 
behavioral factors which influence how people see 
and interpret AI suggestions also play a significant 

role in physicians' trust in AI. The extent to which 
doctors critically evaluate or simply accept AI 
outputs without much scrutiny is mainly 
determined by factors such as mental workload, 
attention allocation, and risk perception [13], [14], 
and [17]. Clinicians sometimes rely more on 
automated recommendations to reduce their fatigue 
from making choices when their mental workload 
is high, that can immediately increase trust but also 
reduce active oversight [18], [19]. The expectation 
creation and previous interactions also have an 
impact on behavioral reactions to AI. While early 
errors can significantly damage trust, even if later 
performance improves, repeated exposure to proper 
AI recommendations tends to boost confidence in 
the system [16], [20]. Importantly, physicians' 
opinion of AI dependability and perceived 
alignment with clinical reasoning have an 
important effect on acceptance; trust is not only an 
indication of performance accuracy [13], [19]. 
These results show that rather than depending only 
on technical skills, trust depends on the 
combination between mental ability, behavioral 
adaptation, and experiential learning. A study found 
that performance expectancy affected both trust and 
desire to use AI-based tools in blood transfusion 
decision-making [21].Doctors participating in a 
dermatological study first used AI suggestions 
without doubt, but when AI contradicted their 
medical opinions, they became doubtful. It is 
implied that a doctor's practice aids him/her to 
determine how far the AI can be trusted [22].  
In other research, it was revealed that some 
surgeons were reluctant to use AI in the case of 
life-threatening operations; however, they were 
more willing to allow it to work on less 
complicated cases [23]. Interestingly, one of the 
studies showed that ordinary people sometimes 
over trusted AI, especially in ambiguous situations, 
blindly accepting the AI's answers [24]. 
 Therefore,different methods are needed for AI to 
give more detailed explanations so that humans can 
make an informed judgment about it. Speaking of 
explanations, doctors trusted AI risk calculators 
more when the AI gave clear, specific reasons for 
its recommendations [25]. And in X-ray studies, 
doctors trusted AI a lot more when they could see 
how the AI made itssuggestions, especially if the 
AI's ideas made sense to them [26]. According to a 
study, beginners remained suspicious, while 
experienced doctors showed more confidence when 
AI answers were given [27]. 
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2.2 Organizational, Social, and Contextual 
Drivers 
Trust in healthcare AI is deeply rooted in the larger 
organizational and societal environment, and thus it 
is more than just individual thinking. The use and 
trust of AI, powered technologies by doctors are 
very much a matter of how the decision fits with 
the clinical culture and the doctor's perception of 
the organization's support, besides being influenced 
by institutional norms [28], [29]. Ethical issues 
such as accountability, fairness, and transparency 
also impact the overall trust in the organizational 
level of AI use [30]. Clinicians in AI, supported 
care delivery are probably the most willing to 
accept it as a legitimate and trustworthy part of 
healthcare delivery if they get support from 
leadership, training, and clear lines of 
responsibility [31]. Social forces through 
relationships and common experiences also shape 
trust. Positive expectations can be strengthened 
when one sees colleagues using AI efficiently in 
healthcare, while hearing stories of misuse or 
failure may create mistrust and resistance [30], 
[32]. A further study points out how the human, 
centered design of the system facilitated AI tools' 
interaction and made information more relevant, 
thereby increasing physician trust in ICU settings 
[33]. 
2.3 Role of User Characteristics and Experience 
The generation of trust in AI systems becomes 
largely dependent on clinician, specific factors such 
as knowledge, professional role, and previous 
technology experience. Seasoned doctors often 
show more calibrated trust;thus, they find a middle 
ground between their critical evaluation based on 
expertise and the help they get from AI [18], [19]. 
They can better understand AI suggestions as they 
are used to the diagnostic uncertainty, resulting in 
less blind trust and less inappropriate mistrust. 
However, less experienced consumers could show a 
greater diversity in their trust behaviors. In fact, 
some studies indicate that novice medical 
practitioners are more likely to over, rely on AI 
especially when the system outputs are presented 
authoritatively or very confidently [16], [20]. On 
another note, even if AI's performance is 
objectively excellent, a lack of technical skills or an 
unfavorable first experience may lead to persistent 
mistrust [14], [17]. 
2.4 Domain-Specific Trust Patterns in 
Healthcare AI 

Due to the difference in the level of challenge of 
the tasks, the degree of danger perceived, and the 
visibility of the results, trust in AI varies across 
healthcare fields as well. Medical professionals 
might be more willing to rely on AI systems if 
these systems show a high level of accuracy 
repeatedly, especially in the diagnostic areas of 
radiology and pathology, where AI output can be 
checked against the standards that are already in 
place [34], [35]. However, the reason why trust is 
considered to be more fragile in clinical situations 
determined to be complicated or uncertain, like 
emergency work or the handling of long-term 
illnesses, is that the reporting of results is delayed 
and there is some level of expectation in these 
cases [36]. 
The same goes for the trust patterns that the 
workload intensity and the nature of the domain 
features have as the main factors of their 
interaction. Due to the fact that the number of times 
one can detect mistakes is limited and the usage of 
automation has been increased in the situations that 
are high stress, the trust in the system will be on the 
increase even if the level of trustworthiness of the 
system is decreasing [34], [36]. 
Domain-specific procedures and data quality 
limitations are two factors that explain why 
clinicians' judgments about the competence and 
applicability of AI are influenced to such an extent 
[37], [38]. These are the three main points of the 
argument that trust should be evaluated in the 
particular clinical contexts where the AI 
technologies are used and that it cannot be 
uniformly applied across healthcare settings that 
are very different from each other. 
3. Identified Gaps and Scope of the Present 
Study 
Although the reviewed literature includes detailed 
explanations of some trust factors, it is still missing 
several important issues. Most of the existing 
studies have either isolated specific factor in 
experiments or treated trust in AI as a constant. 
Few studies have considered the temporal 
development of the different components of trust 
especially when the outcome of AI use is difficult 
to verify or there is little feedback. Besides, hardly 
any research has been done on trust fluctuation or 
erosion in high, pressure real, life healthcare 
situations where a wrong decision following AI 
suggestion can have serious consequences. 
3.1 Limitations of Existing Trust Models 
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Even while earlier studies have greatly improved 
our understanding of artificial intelligence trust, the 
majority of current models still have a narrow 
reach when used in actual clinical settings. A lot of 
the tested literature gives valuable information 
about particular issues that affect trust, but there are 
still a number of important gaps.The figure1 
illustrates the interaction between clinician-related 
factors, AI system characteristics, and patient 
outcomes through a dynamic trust state. Feedback 
from delayed patient outcomes influences both 
clinician trust calibration and AI system 
performance over time. 
 

 
Fig. 1. Conceptual architecture of the trust-aware 
clinical AI system. 
 
Most past studies have simply examined individual 
variables in controlled settings or explored trust in 
AI as a fixed event. A major disadvantage is the 
ability to see trust as a fixed or permanent result, 
which is commonly evaluated using post-
interaction evaluations, controlled experiments, or 
one-time surveys [39]. However, while these 
methods offer important information about 
clinicians' views, they are unable to provide an 
explanation for how trust develops as a result of 
continuous communication, growing experience, 
and exposure to positive as well as negative 
outcomes. Also, a lot of trust models concentrate 
on specific characteristics like accuracy, 
explainability, or usability without properly taking 
into consideration the complex connections 
between contextual, technological, and human 
aspects [40]. Clinical decision-making is frequently 
impacted by changing levels of physician skill, 
fluctuating workload, and varying diagnostic 
complexity and not by stable or ideal settings. 
Some have studied the dynamic interactions 
between various trust elements over the years, 
especially when AI usage effects are delayed or 
feedback is rare. Also, little research has been done 
on how trust develops or decreases in high-stakes, 
real-world healthcare settings when decisions based 

on AI suggestions can have adverse effects. The 
nonlinear and compounding effects that describe 
actual clinical workflows are neglected by models 
that manage these variables separately. Because of 
this, present frameworks have very little capacity to 
explain why trust may be stable in certain 
situations while quickly decreasing in others. 
3.2 Need for Temporal and Feedback-Driven 
Analysis 
The poor management of time and feedback 
mechanisms in trust modeling indicates an 
important research gap. Because patient outcomes 
can be visible days or weeks after the first 
treatment or diagnosis choices, the effects of AI-
supported decisions in clinical settings can 
sometimes not be immediately clear [40], [41]. 
Clinicians may continue to communicate with AI 
systems during this time without receiving instant 
verification of accuracy, which can enable trust to 
remain, grow, or decline based on lack of data. By 
putting together, a systems-based model that 
reflects the growth of clinician trust in AI over the 
years, our study answers all of these gaps. The 
model represents the relationships and feedback 
loops that describe real-world trust patterns by 
including human factors, technical factors, and 
context-related factors like diagnostic difficulties 
and workload. Also, the rise of trust in AI is simply 
cyclical. While negative results, especially when 
errors are found after the fact, can result in an 
unexpected decrease in trust, good patient results 
can increase confidence in AI suggestions. Above 
all, the model includes a timestamp for each 
activity. This allows us to determine why people 
keep their trust level so high when they delay 
response to an AI product reporting a problem and 
why this lack of response can lead to long-term 
acceptance of incorrect results from an AI product. 
Further, these feedback loops decrease as the 
willingness and capability of physicians to identify 
the problems associated with AI products decline as 
trust and workload increase with the time that 
passes following original notification of a problem 
with the AI [39]. Currently available techniques are 
not able to fully explain problems like delayed trust 
breakdown, overreliance after initial success, or 
resilience to individual system failures without 
fully describing such temporal changes and 
feedback mechanisms. 
3.3 Key Contributions of This Work 
This paper presents a systems-oriented modeling 
framework that describes clinicians' trust in AI as a 
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dynamic, feedback-driven process included in the 
clinical decision-making environment in order to 
solve these drawbacks. The suggested method 
represents trust as a changing condition impacted 
by continuous relationships among physician 
expertise, workload, diagnostic difficulties, AI 
accuracy, and patient outcomes, as compared to 
treating trust as a fixed feature [41]. By shifting 
from basic to experimental and explanatory 
analysis, our method makes a novel contribution to 
the area. It makes it possible for stakeholders to 
understand not just what motivates trust but also 
how and when these factors show in real-world 
situations.  
The primary benefit of this study is the addition of 
unidirectional feedback loops and time delays, 
which makes it possible to investigate how trust 
grows, stabilizes, or decreases over long periods of 
AI use. By the use of a simulation-based technique, 
the framework helps stakeholders to investigate 
possible situations and identify situations in which 
trust becomes weak or mis calibrated. Such 
dynamic and connected models provide the 
foundation for managing the creation of AI 
systems, training initiatives, and legal frameworks 
that encourage tested, appropriate, and permanent 
trust in AI as it proceeds to be used in a number of 
healthcare settings. This point of view gives a 
structured method to review trust-sensitive design 
choices as well as methods before deployment in 
high-stakes medical environments, which is useful 
for AI developers, healthcare managers, and 
policymakers. 
4. Methodological Framework and Simulation 
Design 
Beginning with a summary of the framework and 
concluding with its actual application through 
simulation runs, the Methods section is organized 
in order to guide the reader through an in-depth 
understanding of the model used for simulation.  
4.1 Conceptual System Architecture 
The suggested approach employs a systems 
thinking perspective to depict doctors' trust in 
artificial intelligence not as a static attribute but as 
a dynamic state evolved through continuous 
interactions among human, technological, and 
contextual factors. The approach illustrates trust as 
a dynamic variable fluctuating within a closed-loop 
system, where decisions, results, and inputs interact 
and influence over time, in contrast to representing 
it as a static view [42], [46]. Fig. 1 demonstrates 
the framework that we have developed to represent 

the interaction of healthcare professionals and 
artificial intelligence (AI) systems in a medical 
context. The model provides an overview of the 
way in which changing clinical environments, AI 
performance, diagnostic challenges, and patient 
outcomes influence clinicians' trust in AI over time. 
The system architecture at a very high level 
consists of three groups of elements: AI, related 
elements (examples: accuracy and data quality), 
outcome-related elements (examples: patient 
outcomes and delayed feedback), and clinician-
related elements (examples: expertise, workload, 
and mistake detection capability). These elements 
are interconnected by the reinforcing and balancing 
feedback loops that govern how trust develops, 
remains stable, or diminishes.  
The simulation model focuses on how trust in AI 
varies over time and illustrates the interactive 
unfolding of a physician and AI system team effect 
on patient outcomes. The four main components of 
the method are clinicians, AI, interaction, and 
feedback. Clinicians' willingness for error detection 
(WED), or the extent of cognitive resources they 
are ready to allocate for checking AI-generated 
recommendations, is determined partly by clinician 
trust (TR) and workload (WL) (green pathway). 
4.2 Definition of Model Variables and 
Constructs 
To capture the essential aspects of trust dynamics 
that impact operating concepts, key variables were 
developed. The primary state variable is clinician 
trust in AI (TR), which reflects the level of trust a 
clinician has in AI-generated recommendations 
when making decisions under uncertainty. 
Willingness for error detection (WED) stands for a 
clinician's motivation to critically evaluate AI 
outputs and as such has a negative correlation with 
workload and trust [46]. 
The dynamic trajectory of clinician trust (TR) and 
patient outcomes (PO) are clearly studied in this 
study in relation to workload (WL), clinical 
expertise (EXP), task complexity (DD), and AI 
error level (EL). The constructs summarized in 
Table 1 are modeled as dynamic variables whose 
interactions are informed by prior literature and 
implemented within a simulation-based 
framework.On the technical side, AI accuracy (AA) 
indicates system performance that depends on data 
quality (DQ), which represents the level of detail 
and the extent to which the training data is 
representative. Patient outcomes (PO) are thus 
considered as a downstream effect of AI accuracy 
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and clinician mistake detection, the values of which 
are realized after a time delay [43], [47], and this is 
done to simulate clinical reality. To ensure stability 
and interpretability in the simulation environment, 
all variables are normalized to defined ranges. 
Table 1: Shows the Core Variables Used in the 
Simulation Model 

Symbol Construct 
Name 

Description and Functional 
Role 

TR Trust in AI 

Represents the clinician’s 
evolving confidence in AI-
supported recommendations. This 
variable changes over time based 
on prior interactions, perceived 
AI reliability, and observed 
patient outcomes. 

WL Clinical 
Workload 

Captures the cognitive and 
operational demands placed on 
clinicians, including time 
pressure, patient volume, and 
multitasking requirements that 
influence attention and oversight 
capacity. 

WED 
Willingness 
for Error 
Detection 

Indicates the clinician’s 
motivational readiness to 
critically assess AI outputs. 
Higher trust and workload reduce 
this willingness, while 
uncertainty can increase it. 

DD Diagnostic 
Difficulty 

Reflects the inherent complexity 
and ambiguity of the clinical task. 
Increased difficulty reduces the 
likelihood of identifying AI errors 
accurately. 

EXP Clinician 
Expertise 

Denotes the clinician’s level of 
domain knowledge and 
diagnostic proficiency, 
moderating how effectively errors 
can be detected under varying 
task conditions. 

ED 
Error 
Detection 
Ability 

Represents the clinician’s actual 
capability to recognize incorrect 
AI recommendations, modeled as 
a function of willingness, task 
difficulty, and expertise. 

EL AI Error 
Level 

Indicates the probability or 
frequency of incorrect AI 
recommendations, inversely 
related to AI accuracy and 
influenced by data quality. 

DQ Data Quality 

Characterizes the completeness, 
diversity, and representativeness 
of data used to train and update 
the AI system, affecting system 

Symbol Construct 
Name 

Description and Functional 
Role 

performance. 

PO Patient 
Outcome 

Represents the clinical result of 
AI-assisted decisions, determined 
by AI accuracy and whether 
errors are successfully detected 
by the clinician. 

FB Outcome 
Feedback 

Captures delayed information 
from patient outcomes that feeds 
back into the system, influencing 
future trust calibration and data 
availability. 

4.3 Scenario-Based Clinical Case Illustration 
A practical case is shown to argue how the model 
helps explain a real, life situation in healthcare. The 
case depicts physician trust in an AI-based decision 
support system as fluctuating over time and is 
meant to represent real-world clinical practice 
rather than theoretical decision-making. Picture a 
doctor that, throughout the working day in an 
outpatient diagnostic center, is supported by AI to 
help decide the next step of the patient's journey 
and is usually the first professional who 
investigates the patient.So, this doctor initially 
trusts the AI tool to a low degree and only 
cautiously checks its suggestions. The initial 
interactions mainly involve straightforward cases, 
and the AI system is very often making the correct 
recommendations. 
When these particular AI suggestions agree with 
the doctor's personal clinical judgment and lead to 
positive patient outcomes, the doctor's trust in the 
system will gradually improve. Doctors start to rely 
more on the AI system when trust is built, 
especially at times when the workload is heavier. 
Thinking that previous reliability issues will 
continue; the doctor spends less mental energy to 
carefully examine AI outputs in such high-demand 
scenarios. This dependence increases productivity, 
but it also lowers the possibility of identifying rare 
AI mistakes. The AI system can generate 
recommendations that are inaccurate or partially 
misleading when the doctor subsequently comes 
across more complicated diagnostic cases. These 
mistakes may continue unnoticed at first due to 
increased effort and less monitoring. These 
unnoticed mistakes usually result in delayed 
results. Only after additional testing or follow-up 
visits may patient outcomes reflecting the 
misdiagnosis become clear. After the doctor finally 
notices the unfavorable results, he associates them 
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with the earlier AI-assisted decisions only at the 
very last moment. From this delayed realization 
there is an immediate scrutiny of system reliability 
and a marked drop in trust, which becomes visibly 
apparent. It is worth noting that the trust is only lost 
after the patient outcomes data is obtained, which 
further confirms the cyclical nature of trust 
adjustment. This example depicts clearly how 
different factors such as the intensity of the 
workload, complexity of the task, delayed 
feedback, and AI accuracy influence trust. The 
primary purpose of this single case example is to 
demonstrate how the interaction of different system 
components, such as expertise, monitoring effort, 
AI performance, and outcome feedback, can 
explain trust dynamics over time as a whole rather 
than using them to predict the behavior of 
individual clinicians. By embedding these 
interactions in a believable clinical story, the model 
provides a straightforward framework for 
understanding trust calibration in AI-assisted 
healthcare environments. 
4.4 Model Assumptions and Theoretical Basis 
The model's connections refer to studies on 
healthcare decision-making, human factors, and 
trust in automation [44][48]. One of the basic 
assumptions is that trust increases when AI-assisted 
decisions help patients and decreases when 
mistakes lead to harmful effects. At the same time, 
trust development is shown as a nonlinear process, 
so that it is very difficult to reach high levels of 
trust, and it becomes more susceptible to sudden 
drops after violations. 
Another major assumption is that with the increase 
of trust, doctors would be less willing to locate the 
mistakes, as they would use less cognitive energy 
for monitoring the AI outputs. So, less attention is 
associated with increased dependence, which is in 
line with the established findings of automation 
research [46]. 
Mistake detection ability, on the other hand, is 
doubly influenced by the level of diagnostic 
difficulty and clinician expertise, indicating that 
challenging situations require both the ability and 
the motivation to identify AI errors successfully. 
4.5 Parameter Estimation and Validation 
Strategy 
Parameters of the model were, insofar as possible, 
set to empirical values reported in the literature. A 
two-stage parameter validation method was 
implemented for parameters lacking direct 
numerical estimates. At first, parameters that made 

the simulation outputs match the reported 
correlations between workload, competence, and 
error detection abilities were determined via 
optimization-based methods [47], [48]. Then, 
parameters connecting AI performance with trust 
and data quality were derived by secondary 
analysis of the previously validated survey data. 
This hybrid method allows the parameter values to 
be both interpretable and in agreement with prior 
research by balancing the theoretical basis and 
empirical believability. Instead of accurately 
duplicating real-world paths, the focus of validation 
was on confirming that the model behavior 
exhibited the expected directional trends during 
different scenarios. 
4.6 Simulation Configuration and Execution 
The finished model was used in a simulation 
environment for the first time to study how trust 
develops over time.We incorporated the delay in 
the realization of patient outcomes to reflect the 
real, world situation of delayed feedback, and each 
run of the simulation contained a number of 
iterations that stood for consecutive clinical 
interactions. To ensure that the results were not due 
to random chance, a number of independent 
simulation runs were carried out for each 
experimental condition.The simulation scenarios 
were created by methodically varying clinician 
expertise, workload, diagnostic difficulties, and 
baseline AI accuracy. 
Trust trajectories were then averaged over the runs 
in order to identify emergent behaviors and stable 
patterns. This setup allows for the exploration of 
"what, if" situations and provides insights into the 
effect of different combinations of human and 
system factors on the trust calibration process 
during prolonged AI usage [42], [48]. 
5. Simulation Outcomes and Trust Evolution 
Patterns 
This section exhibits the results of simulation runs 
and parameter estimation. Initially, we explain how 
the key parameters of the model were confirmed 
and parameter estimation, such as the coefficients 
for clinical expertise, diagnostic difficulties, and 
the feedback effects based on the perceived AI 
performance. To see how the trust of clinicians in 
AI might have been influenced by different 
scenarios, these confirmed coefficients, along with 
some other factors from the literature, are used in 
the simulation model. 
5.1 Model Calibration and Coefficient Stability 
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The calibration behavior of the proposed model 
was first examined to ensure numerical stability 
and convergence across repeated simulation runs. 
Figure 2 illustrates the iterative stabilization of the 
difficulty and expertise coefficients. The 
convergence trends shown in Figure 2 are derived 
from normalized simulation parameters rather than 
direct empirical optimization.The figure illustrates 
the convergence behavior of the difficulty and 
expertise coefficients across successive simulation 
iterations. Both parameters stabilize within 
bounded ranges, indicating consistent and robust 
calibration of workload-driven error detection 
dynamics.The difficulty weight converges 
smoothly from an initial value below 0.40 toward a 
stable region close to 0.90–0.95, indicating a 
sustained influence of diagnostic complexity on 
clinicians’ error detection capability.  

 
Fig. 2: Iterative stabilization of model coefficients 
during simulation calibration. 
In contrast, the expertise weight stabilizes at a 
higher magnitude, increasing from approximately 
0.80 and settling between 2.00 and 2.10 across 
iterations. Convergence is achieved within the first 
30–40 iterations for both coefficients, after which 
only marginal variation is observed. The absence of 
oscillations or divergence confirms that the 
feedback structure embedded in the model supports 
robust parameter estimation. These stabilized 
coefficients are subsequently used in all simulation 
scenarios and correspond to the valid ranges 
summarized in Table 3. 
5.2 Aggregated Trust Outcomes Across Clinical 
Scenarios 
Aggregated simulation results clearly show 
quantitative changes in the trust behavior between 
different clinical conditions, and these have been 
summarized in Table 2. Under the favorable 
condition since the clinician is highly trained and 
the level of diagnostic complexity is low, the 
average trust scores are always higher than 0.80, 
whereas the effectiveness of the outcome is near or 
above 0.90. These situations depict that if the 
cognitive load is minimal, clinicians can easily fit 

the AI's suggestions in their decision-making and, 
at the same time, have sufficient control. As 
diagnostic complexity increases, trust values 
decline noticeably.  
Table 2: Estimated Relationships Between 
Perceived AI Performance and User Trust 
Indicators 

Trust / 
Motivation 
Measure 

Positive 
Performance 
Correlation 
(Range) 

Negative 
Performance 
Correlation 
(Range) 

Trust 
Dimension 1 0.54 – 0.62 −0.40 – −0.10 

Trust 
Dimension 2 0.55 – 0.64 −0.42 – −0.12 

Trust 
Dimension 3 0.51 – 0.60 −0.38 – −0.08 

Trust 
Dimension 4 0.56 – 0.65 −0.41 – −0.11 

Motivation to 
Use AI 0.52 – 0.61 −0.25 – −0.15 

In moderate-complexity scenarios, average trust 
levels fall into the range of approximately 0.70–
0.75, accompanied by outcome effectiveness values 
between 0.75 and 0.80. Under high-complexity 
conditions combined with lower expertise, mean 
trust drops below 0.50, with outcome effectiveness 
declining toward the 0.55–0.60 range. These results 
indicate a reduction in trust of more than 30 
percentage points between the most favorable and 
most challenging conditions. Workload further 
amplifies these effects. These effects are further 
amplified by workload. A comparison with low 
workload conditions reveals that high workload 
scenarios increase variability by about 0.10-0.15; 
thus, there's a larger spread of trust values at all 
expertise levels. This means that workload worsens 
the harmful impact of task complexity on trust 
calibration by being a multiplying stressor. 
5.3 Trust Evolution Under Workload Variability 
Figures 3 and 4 show the changes in trust over time 
of base-level and expert doctors, respectively, 
under different workload conditions. Trust 
development in base-level doctors under low 
workload conditions is slow at first, but after about 
40 repetitions, trust stabilizes in the range of 0.65-
0.70. Table 3 presents optimized coefficient values 
used to model the relationship between workload 
and clinicians’ error detection capability across 
varying task complexities. 
Although heavy workload drastically cuts down 
trust, leaving it to stabilize only at values near 0.50-
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0.52, moderate effort makes trust stabilize at 
somewhat lower levels, typically around 0.60-0.62. 
The trust paths of skilled clinicians are always 
higher. At the beginning of the 20 cycles under low 
workload, trust goes beyond 0.80 and stabilizes 
around 0.85. 
Table 3: Optimized Coefficients Representing the 
Impact of Workload on  Error Detection Ability 

Reported WL–
EDA Association 

Difficulty 
Weight 
(DIF_w) 

Expertise 
Weight 
(EXP_w) 

0.45 0.36 1.28 

0.80 0.61 1.62 

2.05 0.95 2.12 

Valid Range 0.35 – 1.50 0.55 – 2.10 
Thus, expert doctors have a higher tolerance to 
cognitive stress, as is demonstrated by the fact that 
they can keep the trust level at more than 0.65 even 
with heavy workloads. Under high workload 
conditions, the gap between expert and base-level 
doctors is more than 0.15, which signifies that 
expertise is an important moderating variable for 
the stability of trust.All tabulated coefficients 
represent simulation-oriented estimates derived 
from literature-informed correlations rather than 
direct clinical measurements.For base-level 
clinicians (Figure 3), trust growth under low 
workload conditions progresses gradually, 
stabilizing near 0.65–0.70 after approximately 40 
iterations. Under moderate workload, trust 
stabilizes at lower levels, while high workload 
further suppresses trust growth, limiting long-term 
trust to approximately 0.50–0.52. 
 

 
Fig. 3. Trust evolution across workload conditions 
for base-level clinicians. 
 

 
Fig.4. Trust evolution across workload conditions 
for expert clinicians. 
5.4 Sensitivity of Trust to Diagnostic Difficulty 
Figure 5 demonstrates how trust evolution 
sensitivity depends on diagnostic complexity when 
the workload is kept constant. Trust climbs 
gradually and stabilizes around 0.78-0.80 with a 
low level of diagnostic difficulty. The increase in 
trust slows down with the moderate level of 
difficulty and stabilizes at 0.70-0.72. As a result, it 
is most likely that the drastic reduction of trust is 
due to the high difficulty of the diagnostic process, 
and this is in agreement with the fact that it takes 
almost twice as many iterations for the trust level to 
converge. The present study has disclosed that 
significantly higher diagnostic difficulties not only 
considerably delay the trust stabilization but also 
reduce the long-term trust level by about 15-20 
percentage points. The task complexity level is 
enough to prevent the formation of trust even when 
there is no increased workload, thus revealing the 
independent nature of its effect on the trust 
dynamics. 
 

 
Fig.5. Sensitivity of trust evolution to diagnostic 
difficulty. 
5.5 Influence of AI Accuracy on Trust 
Stabilization 
Figure 6 shows the relationship between AI 
accuracy and the evolution of trust. When accuracy 
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is very high, trust rises rapidly and saturates at 
0.80-0.82 after approximately 20 rounds. The 
decision to trust converges slower in cases of 
medium accuracy; after about 30 to 35 iterations, 
the trust level was in the range of 0.70 to 0.72 at 
the point of stabilization. Whereas, a low AI 
accuracy scenario leads to a long time before 
stabilization, with trust remaining less than 0.65 
even after 50 iterations. 
 
The gap in the stabilized trust level between the 
two situations of high and low accuracy is more 
than 0.15, so we can say that AI performance not 
only affects the trust level but also the dynamics of 
trust formation. Also, lower accuracy even under 
the most favorable scenarios keeps the trust levels 
from becoming stable as it extends the period of 
doubt. 
5.6 Summary of Quantitative Result Trends 
On the whole, the outputs depict how person, 
assignment, and machine factors are interlinked to 
bring about the nonlinear and time-varying nature 
of trust in clinical AI setups. With the same 
scenario, domain knowledge will invariably raise 
trust levels by 0.10-0.20, but both a high workload 
and the difficulty of a diagnosis will bring down 
trust to about the same extent. Although slow 
feedback on the results makes the erosion of trust 
worse when there are mistakes, the accuracy of AI 
mostly determines the speed of trust recovery. 

 
Fig.6. Influence of AI accuracy on trust 
stabilization over time. 
These numerical patterns highlight that the 
changing nature of AI-facilitated clinical decision-
making cannot be fully represented by static trust 
measures.To make a starting point for the following 
discussion of the design and policy implications 
section, trust should be represented as a dynamic 
system variable that changes due to accumulated 
experience, situational pressure, and delayed 
feedback. 

6. Discussion 
This study aims to resolve the issue through 
creating a model that can interpret how the trust in 
AI-assisted decision-making at different clinical 
situations changes over time. The model should not 
be seen as a prediction engine but rather as a tool 
for exploring scenarios and testing hypotheses. As 
generative and decision support systems are 
becoming more and more a part of the healthcare 
sector, it is of great importance to understand 
deeply how much trust people put in AI systems 
and how that trust develops over time. It acts as a 
powerful computational instrument for simulating 
various "what if" scenarios; thus, users can see for 
themselves how the dive of the task, clinician 
workload, competence, and AI accuracy can all 
interlock to determine human-AI trust patterns. 
6.1 Interpretation of Trust Dynamics in Clinical 
AI Use 
The trust patterns we see here align well with the 
findings of those earlier works that emphasize the 
sensory and contextual attributes of trust in 
intelligent systems [49], [50]. The previous studies 
have, in fact, shown that simply raising the level of 
system accuracy does not lead to the increase of 
trust; it actually relies on the user's perception of 
the system's behavior during repeated interactions. 
To some extent, the present results confirm the 
statement that trust calibration is highly vulnerable 
to situational pressure by revealing that trust 
changes of over 30 percentage points are possible 
depending on workload, diagnostic difficulty, and 
competence [51]. Also, nonlinear trust reactions to 
simulations provide additional evidence for the 
theory that physicians vary their dependence 
strategies in a flexible manner rather than in a 
stable way across tasks [52].Excessive reliance or 
avoidance is very often the result of misplaced trust 
rather than of the system's performance only [49], 
[53]. Trust values higher than 0.80 were only 
observed in low, complexity situations, whereas 
trust dropped below 0.60 during extended cognitive 
load. 
6.2 Role of Expertise and Workload in Trust 
Stability 
The current research finding about the clinician 
expertise moderating role aligns with human-AI 
collaboration literature, which emphasizes domain 
knowledge as a factor that helps users to better 
calibrate their level of reliance on automation [50], 
[54]. Expert physicians were still able to keep their 
trust at least over 0.65 even when they had a heavy 
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workload, whereas base-level clinicians 
experienced trust declining almost down to 0.50. 
Such expertise, driven by a trust difference of very 
roughly 0.15-0.20, goes along with the results of 
most past experimental studies showing that 
experienced users are the ones who have the best 
skills in recognizing system limitations and 
adjusting their level of dependence accordingly 
[51], [55]. The effect of trust has been found to 
become more intense under the influence of 
workload, especially when there is a diagnostic 
complexity element present. This finding is in 
agreement with previous human factors studies, 
which indicated that a higher workload makes one 
more prone to automation bias and less likely to 
engage in monitoring behavior. A workload 
changes the state of mind in more than one way 
and is not an independent factor, as it is further 
proven by the actual increases in trust variations 
(around 0.10-0.15), which were recognized in the 
same simulations. 
6.3 Impact of Diagnostic Difficulty and AI 
Accuracy 
Previous findings have established that task 
ambiguity undermines confidence in decisions, 
making processes of both humans and machines. 
This proposition was verified by the present study, 
which found a negative effect of diagnostic 
difficulty on the trust formation process [49], [51]. 
A significantly greater high-difficulty scenario 
effect on trust was reflected in a more than double 
delay in trust stabilization as well as a severe drop 
of long trust after 15-20 percentage points, all of 
which were aligned with other findings showing 
that uncertainty impedes trust even when a system 
is accurate [50]. 
On the other hand, the studies that promote 
consistency over peak performance [53], [55] find 
the role of AI accuracy as a factor determining the 
pace of trust stabilization consistent. When the 
accuracy was high, trust was fixed after 
approximately 20 trials, but even in the low-
accuracy case, trust could not be fixed after 
extensive interactions. Hence, the present study 
offers more evidence that to maintain clinically 
calibrated trust in AI systems, consistent 
performance, and not occasional laurels, is required 
[52], [54]. 
6.4 Temporal Effects, Feedback, and Trust 
Asymmetry 
Firstly, various researchers have examined the 
aspect of trust violation and subsequent recovery in 

different contexts, particularly in close 
interpersonal trust situations. 
When feedback outcome is delayed, it leads to 
further trust erosion, with drops nearing 0.25-0.30 
as per the research, which states that a longer 
period of error identification heightens the feeling 
of system unreliability [51], [53]. 
In fact, the above pattern of conduct is consistent 
with the results of other investigations that revealed 
that users, especially those involved in safety and 
critical fields, are inclined to overweigh the 
negative experiences more than the positive ones. 
The magnitude of the effect of regaining trust 
through performance enhancement after a trust 
violation becomes smaller, thereby highlighting the 
necessity of early detection and having an open 
communication channel. 
6.5 Implications for AI Design and Summary of 
Discussion 
Recent proposals for adaptive and context-aware 
AI system design have been strongly supported by 
incorporating workload, expertise, and temporal 
feedback effects into trust modeling [50], [54]. The 
numerical patterns in this study are a direct 
confirmation of the previous research, which 
suggested changing system transparency and 
decision assistance intensity according to the user's 
condition and task demands [51], [55].The results 
of this study emphasize the importance of 
deployment strategies that recognize the tenuous 
nature of trust when exposed to high complexity 
and delayed feedback. According to past empirical 
and theoretical studies, the use of confidence 
indicators, uncertainty estimations, and post-
decision outcome reporting systems might help to 
alleviate the decline in trust observed in 
unfavorable conditions. 
Thus, by statistically substantiating how trust 
fluctuates over time due to the interactions of 
human, task, and system factors, the existing 
research significantly extends the earlier works. 
Under similar conditions, trust is increased by 
expertise by as much as 0.20, and the extent, 
variability, and rate of stabilization of trust are 
simultaneously influenced by workload, diagnostic 
difficulty, and AI correctness. These findings, 
which correspond and add to the existing trust 
literature, emphasize the requirement for systems-
oriented strategies for trust modeling in clinical AI. 
7. Conclusion and Future Research Directions 
7.1 Conclusion 
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To explore how clinician trust in AI-assisted 
clinical decision-making builds up dynamically, 
this paper applied a systems-oriented modeling 
approach. The proposed methodology not only 
assesses trust at a specific time but also 
demonstrates trust development, trust stabilization, 
and trust decline over time through embedding 
human, task, and system-level factors within a 
feedback-driven simulation environment. The 
numerical differences between scenarios exceed 30 
percentage points, thus illustrating how trust 
calibration can be extremely dependent on 
workload, diagnostic difficulty, physician expertise, 
and AI correctness. 
The study revealed that heavy workload and the 
complexity of the task make it harder to develop 
trust and also increase its fluctuations. On the other 
hand, the clinical skill exerts a significant 
stabilizing influence; in fact, it helps to increase 
trust levels by 0.20 even under such challenging 
conditions.Moreover, it was shown that the 
correctness of AI has a major influence on the trust 
stabilization rate rather than the trust amount only, 
hence emphasizing the importance of a trustworthy 
system performance. The evidence agrees with the 
preceding works that the calibrated trust is to be 
maintained rather than trust maximization for the 
facilitating human-AI collaboration [56], [57]. 
Importantly, the results further reveal a discrepancy 
between the building and breaking of trust. The 
observations that trust-breaking events massively 
impact user trust in automation more than trust-
building ones have been supported by evidence that 
trust was gradually formed through continuous 
good interactions but suddenly went down after 
delayed bad outcomes [58], [59]. This difference 
sharply points to the requirement of AI systems that 
are especially designed to take time input and 
delayed outcome realization into consideration and 
hence, to the delicacy of trust in safety in critical 
domains such as healthcare. 
7.2 Future Research Directions 
While the proposed model may provide an 
interesting picture of trust dynamics, it still leaves 
several questions open. Firstly, the current 
framework is mainly simulation-based and uses 
parameters from prior research. Therefore, to fine-
tune the coefficient estimation and corroborate the 
evolution of trust under real healthcare delivery 
scenarios, empirical clinical data should be 
incorporated in future research [56], [60]. Such a 
hybrid would allow for a more precise adjustment 

of trust, aware design interventions, and also 
enhance the model's external validity. 
Secondly, the model in subsequent studies could be 
expanded to account for different clinician 
demographics, such as variations in specialization, 
training background, and previous experience with 
AI systems. Realism and predictive power could be 
further improved by employing adaptive learning 
methods, which enable trust and related parameters 
to fluctuate as per the individual user's behavior 
[57], [59]. Analyzing trust dynamics at the bigger 
system level could also be achieved if the model is 
further developed to include factors at the 
organizational and policy levels, such as 
institutional guidelines, accountability systems, and 
regulatory supervision. 
Finally, the role of explainability, transparency, and 
interactive feedback in lessening the decline of 
confidence should be the focus of future research. 
As reported in previous studies, immediate 
explanations and uncertainty estimates can help to 
restore confidence after system errors [58], [60]. 
Incorporating these means into the simulation 
framework would allow trust management-oriented 
design interventions to be systematically assessed 
for their effectiveness in retaining calibrated trust 
in AI over extended use. 
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