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Abstract. Technical and ethical concerns impede the establishment 
of trust among healthcare professionals (HCPs) in developing artificial 
intelligence (AI)-based decision support. Yet, our understanding of trust 
models is constrained, and a standard accepted approach to evaluating 
trust in AI models is still lacking. We introduce a novel methodology to 
assess and quantify HCPs’ perceived trust in an interpretable machine 
learning model that serves as clinical decision support for diagnosing 
COVID-19 cases. Our approach leverages fuzzy cognitive maps (FCMs) 
to elicit and quantify HCPs’ trust mental models for understanding trust 
dynamics in clinical diagnosis. Our study reveals that HCPs rely pre-
dominantly on their own expertise when interacting with the developed 
interpretable clinical decision support. Although the model’s interpre-
tations offer limited assistance in diagnostic tasks, they facilitate the 
HCPs’ utilization of it. However, the impact of these interpretations 
on the establishment of perceived trust varies among HCPs, which can 
lead to an increase in trust for some while decreasing it for others. To 
validate quantified perceived trust, we employ the degree of agreement
metric, which quantitatively assesses whether HCPs lean more towards
their own expertise or rely on the model’s recommendations in diagnostic
tasks. We found significant alignment between the conclusions of the two
metrics, indicating successful modeling and quantification of perceived
trust. Plus, a moderate to strong positive correlation between the two
metrics confirmed this conclusion. This means that FCMs can quantify
HCPs’ perceived trust, aligning with their actual diagnostic advice shift
after interacting with the model.
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1 Introduction 

The need for trustworthy artificial intelligence (TAI) systems is clear in driving 
the integration of AI into healthcare, primarily due to the limited measurable 
benefits observed in real-world patient care, despite the promising results demon-
strated by an increasing number of AI-driven clinical decision support systems
in preclinical and in silico studies [37]. The European Ethics Guidelines for TAI
[11] outlines specific criteria to establish trustworthiness that AI systems must 
comply with. The existing literature reveals a scarcity of prosp ective studies
to validate proposed AI solutions in real-world settings [12]. This scarcity has 
resulted in diminished trust from healthcare professionals (HCPs) towards the 
developed solutions. Therefore, in the current study, we propose a methodology 
to assess and quantify perceived trust of HCPs in in terpretable clinical decision
support. We aim to adhere to the guidelines set forth by the General Data Pro-
tection Regulation (GDPR) [10], emphasizing the critical role of transparency 
and explainability in establishing TAI. Miller [23] recommends incorporating 
interpretable machine learning (IML) models, particularly in high-stakes tasks, 
to enhance the comprehensibility and reliability of AI systems. Doshi-Velez and
Kim [9] presented a taxonomy of IML model evaluation methodologies, including 
application-based assessments that involve domain experts using the IML model. 
Aligned with the goals of this study, which aim to assess and quantify HPCs’ 
perceived trust in the developed clinical decision support, and considering the 
problem’s high sensitivity, we involve HCPs to develop our methodology. Our
proposed methodology considers perceived trust as a dynamic entity affected by
different elements. Hence, we aim to elicit and quantify HCPs’ perceived trust
mental model.

Initially, IML serves as clinical decision support, recommending and inter-
preting diagnostic advice. This helps categorize suspected COVID-19 patients 
into positive or negative cases. Then, we have structured a diagnostic task that 
engages the HCPs in diagnosing the COVID-19 status of selected patients under 
two distinct scenarios: (i) relying on their expertise and (ii) interacting with the
IML model. Then, they will express their satisfaction with the effectiveness of
interpretations in the diagnostic task, using the Explanation Satisfaction Scale
(ESS) proposed by Hoffman et al. [13] using fuzzy linguistic variables. This phase 
seeks four main objectives: (i) its efficacy in assisting HCPs in diagnosing the 
disease, (ii) the effectiveness of interpretations in diagnosing the disease, (iii) 
the impact of interpretations on establishing HCPs’ trust, and (iv) incorporat-
ing HCPs’ subjectivity and uncertainty through the use of fuzzy variables. In 
the next phase of the research, HCPs will contribute to eliciting their mental
models of perceived trust in the IML model based on the influence of ESS on
their perceived trust using fuzzy cognitive maps (FCM) [19] using fuzzy linguis-
tic variables. FCMs model and simulate dynamic systems with complex interac-
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tions, allowing decision-makers to forecast future system states through scenario-
making, learning algorithms, and current state analysis [1]. Upon constructing 
FCMs by HCPs, a distinctive perceived trust mental model will be established 
for each HCP and we can derive a quantified value indicative of perceived trust. 
To validate the results, we measure the degree of agreement (DoA) between the 
diagnostic advice of HCPs when relying on their expertise and after interac-
tion with the IML model. This measure can elucidate whether HCPs exhibit 
reliance on their expertise or lean toward the IML model’s recommendations. 
Considerable alignment and correlation between the two metrics can indicate
whether FCMs could successfully measure HCPs’ perceived trust. In undertak-
ing this research, we contribute to the literature in several ways by addressing
the following gaps.

– Prospective studies validating AI solutions remain limited, as n oted by Nauta
et al. [26], revealing a gap in the literature on eXplainable AI (XAI) with 
respect to application-based performance assessments of IML models. The 
contribution of medical experts is crucial to this study, as their involvement 
is essential for establishing the realism and reliability of a trust a nalysis.
Although the number of participating experts is limited to 15, their input
plays a vital role in understanding trust behaviors toward AI models.

– Trust in AI models is often evaluated using Hoffman’s trust scale [13], which 
relies on Likert-scale questions to provide a simplified representation of users’ 
trust perception. To better model this perception, we utilize FCM to extract 
men tal models of HCPs, capturing their trust perception following their inter-
action with the XAI model.

– Existing methodologies overlook the role of transparency, interpretability, and 
explainability in shaping trust [22]. By embedding the model’s interpretability 
into the diagnostic decision-making process and leveraging FCM’s capability 
to model the impact of interpretability on trust, we e mphasize the critical
role of interpretability in modeling and measuring perceived trust.

The subsequent sections of this paper are structured as follows. In Sect. 2, 
we investigate the XAI literature, reviewing studies that address trust in XAI
models. Section 3 encompasses the primary definition of trust and used meth-
ods to develop the proposed methodology. The experimental task designed t o
measure and quantify perceived trust is described in Sect. 4. In Sect. 5, we will 
validate the proposed methodology. Lastly, Sect. 6 encompasses the discussion 
of the results and outlines potential ave nues for future research.

2 Background 

Nauta et al. [26] found that a minority of XAI papers engage users in eval-
uating model explanations, a trend consistent even when domain expe rts are
involved in assessments. Also, Vereschak et al. [38] conducted a comprehensive 
study revealing a lack of organized research on modeling decision-makers’ trust, 
inspiring us to assess the impact of model interpretations on the trust levels of
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HCPs. Lakkaraju and Bastani [20] conducted groundbreaking research aimed 
at empirically establishing how user trust in black box models can be manip-
ulated through misleading explanations. However, the study did not compare 
the results with users’ own perceptions regarding the efficacy of explanations
in decision-making and their trust levels to elicit their mental models. Zhang
et al. [42] underscored that local explanations for AI-assisted decision-making 
struggle to accurately calibrate human trust in AI. Nonetheless, they did not 
also directly assess users’ perceptions regarding the effectiveness of explanations
in facilitating the decision-making process.

In their empirical evaluation of XAI methods, Wang and Yin [39] conducted a 
comparison of established XAI techniques, analyzing their impact on AI-assisted 
decision-making and user trust. However, their study did not delve into users’ 
pe rceptions regarding the effectiveness of these explanations in shaping their
decision-making processes. Bansal et al. [4] conducted mixed-method user stud-
ies on three datasets. In these studies, participants were assisted by an AI sys-
tem, with accuracy comparable to humans, in completing tasks. The AI system 
explained itself in some conditions, and the researchers studied whether users 
trusted the XAI model o r not. However, the results may not be generalizable
to high-stakes domains with expert users, such as medical diagnosis. Yang et al.
[41] investigated the effects of example-based explanations for an ML classifier 
on end users’ appropriate trust. However, we contend that they primarily mea-
sured agreement rather than trust. Additionally, their focus was solely on the
efficacy of explanations in terms of helpfulness, neglecting other essential aspects
of ESS. In Huber et al.’s study [14], which explored the impacts of global and 
local explanation methods on reinforcement learning agents, the methodology 
primarily focuses on assessing users’ agreement rather than their trust. The 
in terpretable decision support interface for sepsis treatment proposed by Sivara-
man et al. [35] predominantly examines the influence of AI model explanations 
on HCPs’ confidence in their diagnoses, yet it only marginally addresses their
trust in the IML model.

Wysocki et al. [40] introduced a pragmatic evaluation framework for XAI 
within clinical decision support in a separate study. However, their approach 
merely assesses HCPs’ trust with a simplistic survey, lacking a systematic method
to assess trust in the AI model. In an extensive study, Mehrotra et al. [21]  showed  
the impact of various integrity-based explanations made by an AI agent on the 
appropriateness of human trust in that agent. However, their evaluation focused 
solely on the usefulness of the provided explanations in decision-making tasks
and corresponding trust, neglecting other essential factors of ESS. Joshi et al.
[18] presented a Wizard of Oz study comparing low- and high-explainability 
versions of a vacation planning chatbot in a between-subjects design, examin-
ing the effect of explainability on users’ understanding, trust, and acceptance.
Chanda et al. [6] developed an XAI model to generate domain-specific, inter-
pretable explanations to support melanoma diagnosis. In this study, medical 
experts assessed their trust in t he model using a 10-point Likert scale. Perlmut-
ter et al. [32] also investigated the impact of an example-based XAI interface on
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trust, understanding, and performance in highly technical populations using a 
10-point Likert scale.

Therefore, the main shortcomings of existing studies in the literature can be 
summarized as follows: misdefining the concept of trust, conducting studies at a 
general user level without involving domain experts, and neglecting to assess the 
efficacy of explanations in facilitating decision-making tasks and their impact
on users’ trust, which causes overlooking the elicitation of users’ trust mental
models.

3 Methodology 

In this section, we outline the foundational concepts of this study. Sub-sect 3.1 
explores the definition of trust, while Subsect. 3.2 introduces FC M.

3.1 XAI and Perceived Trust 

Trust is generally defined as “the willingness of a party to be vulnerable to the 
actions of another party based on the expectation that the other will perform a 
particular action imp ortant to the trustor, regardless of the ability to monitor or
control that other party [36].” In the same way, when a user trusts the AI model, 
the anticipation depends on whether the model can fulfill its expectations. Here,
we refer to the definition of Jacovi et al. [16] for Human-AI trust:

“If H (human) perceives that M (AI model) is trustworthy to contract C and 
accepts vulnerability to M’s actions, then H trusts M contractually to C. The 
objective of H in trusting M is to anticipate that M will maintain C in the 
presence of uncertainty; consequently, trust does not exist if H does not perceive 
risk.” 

Ribeiro et al. [33] asserted the importance of trust for effective human inter-
action with ML systems, emphasizing the importance of explaining individual 
predictions as a key factor in assessing trust. By hypothesis, effective and satisfy-
ing explanations enable users to construct a good mental model. So, this sound
mental model can facilitate the development of trust in AI and enhance user
performance when using it [13]. Miller [22] states that trust as a mental attitude 
must be measured in field studies, lab experiments, and surveys/interviews with 
human participants. The main reason is that trust can rapidly deteriorate when 
sub jected to factors such as time constraints, noticeable system defects, high
error rates, or frequent false alarms [13]. Like the diverse forms of trust, various 
manifestations of negative trust exist, including mistrust and distrust [13]. The 
proposed trust continuum by Cho et al. [7] can demonstrate this be havior (see
Fig. 1). 

In the XAI domain, the trust assessment is based mainly on the trust scale
proposed by Hoffman et al. [13]; however, Miller [22] declares that the trust scale 
presented does not explicitly measure the effect of trust. In fact, this scale mea-
sures users’ trust through a set of Likert scale questions, primarily focusing on
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Fig. 1. Trust continuum [7]. 

the users’ perception of trust rather than their demonstrated trust when inter-
acting with an XAI model. Besides, the existing techniques do not measure the 
impact of transparency, interpretability, and explainability methods on human
participants’ trust [22]. In essence, trust measurement efforts have often focused 
on precisely defining the elements of trust to measure perceived trust, often over-
looking the underlying mental models that shape users’ perceptions. Therefore, 
it is imperative to introduce a metho dology that delves into the influence of
explanations on trust establishment and examines how they can impact users’
perceived trust.

3.2 Eliciting Perceived Trust Mental Models by FCM 

The ESS proposed by Hoffman et al. [13] serves as the foundational elements of 
HCPs’ perceived trust mental models in this study so that we can analyze the 
contribution of interpretation in building trust. We slightly mo dified the ESS
for our specific context by adding a “Functionality” scale, as outlined in Table 1. 
In this study, trust is considered a dynamic entity with intricate interactions 
among ESS, and we model it using FCM.

Table 1. Explanation Satisfaction Scale and description

ESS Description 
Understandability (US) The interpretation was understandable in d iagnosing the disease.
Sufficiency of details (SD) The interpretation had sufficient details to help me diagnose the disease.
Completeness (CL) The interpretation was complete enough to diagnose the disease.
Feeling of satisfaction (FS) I am satisfied with the quality of the in terpretation for diagnosing the disease.
Accuracy (AC) The interpretation was accurate enough to diagnose the disease.
Usability (US) Interpretation is easy to use to diagnose the disease.
Functionality (FC) In general, the interpretation helped me diagnose the disease.

Kosko [ 19], for the first time, introduced FCMs to mitigate the limited ability
of cognitive maps [3] to represent causal beliefs in social scientific knowledge [25]. 
Multiple domain experts who have knowledge in a particular area contribute as 
knowledge engineers to manually develop an FCM or a mental model [30]. They 
start by identifying key domain components or concepts (C) and then determine 
the influence (edges) of concepts, including their strength on each other or weight
(w) [30]. A semantic representation of an FCM (including concepts, edges, and
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weights) is shown in Fig. 2. In our study, ESS serves as FCM concepts, and their 
initial value, edges, and weights are determined by HCPs.

Fig. 2. A semantic representation of an FCM.

There are three types of relationships between concepts in the FCM [28]: 

– wij > 0, direct influence between concepts C i and Cj ,
– wij < 0, inverse influence between concepts C i and Cj ,
– wij =  0, no relationship between concepts C i and Cj .

The established reasoning process of an FCM [19, 25, 28, 30], uses the following 
simple mathematical formula: 

C 
(k) 
i = f 

⎛ 

⎝Ck−1 
i + 

N∑
j=1,j �=i 

C 
(k−1)
j · wji

⎞
⎠ , (1) 

where, C (k) i represents the value of concept i at iteration k of the reasoning pro-
cess. wji indicates the weight of the edge from Cj to Ci,  and  N is the number of 
entered edges to Ci. Our study utilizes a state vector of size 1 × 8, encompassing
ESS and a target concept denoted as perceived trust (PT).

The initial values of these concepts reflect HCP’s subjective satisfaction 
with ESS effectiveness in d iagnostic tasks, employing fuzzy linguistic variables
detailed in Table 2. With this approach, we achieve two primary objectives: 
firstly, we gain insight into the satisfaction level of HCP with interpretations; sec-
ondly, we embed HCP’s satisfaction impact in establishing the perceived trust, 
which, in fact, models their trust mental model based on the model’s inter-
pretability. To convert these linguistic variables into actionable data to develop
FCM, defuzzification is applied to convert them into crisp numbers (see Table 2),
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employing the center of gravity (CoG) method [31]. Due to its high accuracy, the 
CoG defuzzification method is the most widely used in practice [2]. It effectively 
satisfies important criteria such as continuity, disambiguity, and plausibility, con-
tributing to its reliability and interoperability [2]. These initial values fall within 
the interval [0, 1], with proximity to 1 indicating higher importance. 

w is an 8 × 8 weighted matrix defining relationships between ESS and PT,
determined by HCPs using the linguistic variables outlined in Table 3.  In  the  
same way, defuzzification is applied to weights as well (see Table 3), transform-
ing them within the range [-1, 1], with values closer to 1 indicating stronger 
influence and the sign denoting direct or inverse influence between concepts. 
Following this approach, we integrate the influence of each individual ESS on 
one another, ultimately culminating in their collective impact on the perceived 
trust of HCP. The activation function f(x), typically sigmoid or hyperbolic tan-
gent, is employ ed to constrain the state vector’s values within [0, 1] and [-1,
1], respectively. Our study adopts the hyperbolic tangent function to align per-
ceived trust values with the trust continuum outlined in Fig. 1. According to 
FCM literature, interaction among concepts persists until o ne of the following
states occurs [5]: 

– stable state: The model reaches an equilibrium fixed point, with output values 
settling at constant numerical levels.

– limit cycle: The concept values fall in a lo op of numerical values.
– chaotic behavior: The model exhibits non-deterministic, random fluctuations

in concept values.

We set a maximum iteration limit for the algorithm, ensuring that it terminates 
after this number of iterations, regardless of convergence status. Finally, the 
ultimate value of PT in the state vector quantifies the corresponding HCP’s 
perceived trust level. This process w ill be repeated for all HCPs to elicit a unique
mental model for each participant involved in this study.

Table 2. Linguistic variables for the initial v alues of C.

Linguistic variables Membership function Defuzzified v alue

1 I disagree strongly (0, 0, 0.25) 0 
2 I disagree somewhat (0, 0.25, 0.5) 0.25 
3 I’m neutral about it (0.25, 0.5, 0.75) 0.5 
4 I agree somewhat (0.5, 0.75, 1) 0.75 
5 I agree strongly (0.75, 1, 1) 1 

4 Experimental Design 

This section outlines the step-by-step process used to quantify perceiv ed trust in
this study. Subsect. 4.1 introduces the implemented dataset, the training of the
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Table 3. Linguistic variables to determine w.

Linguistic variables Membership function Defuzzified v alue

1 Inversely high (-1, -1, -0.5) -1 
2 Inversely low (-1, -0.5, 0) -0.5 
3 No influence (-0.5, 0, 0.5) 0 
4 Directly low (0, 0.5, 1) 0.5 
5 Directly high (0.5, 1, 1) 1 

IML model, and its interpretation. Subsect. 4.2 explains how HCPs were selected 
for the study. Subsect. 4.3 analyzes the shift in diagnostic advice during the 
decision-making task before and after interaction with the IML model. Subsect.
4.4 evaluates HCPs’ satisfaction with the model’s interpretability. Subsect. 4.5 
presents the elicited mental models of HCPs’ using FCM, followed by presenting 
the quantified perceived trust for each HCP based on FCM implementation in
Subsect. 4.6. 

4.1 Clinical Setting and Exploited IML Model 

Data Set: The data set comprises the results of blood sample tests obtained 
from suspected patients with COVID-19 upon their arrival in the emergency 
department, encompassing a minimum of 30 distinct clinical measurements. The 
data set comprises 12873 patients with 32 clinical features derived from blood 
samples. We followed the ethical aspects of the AI application by signing writ-
ten agreements regarding the limited use of data. Second, we adhered to security 
measures to protect data privacy per the agreements. Third, patients’ identities 
were removed. The data set includes missing values in both the features and 
labels. Certain observations collected before the C OVID-19 outbreak were clas-
sified as negative cases. Observations with no labels and missing values exceeding
40% were discarded as they offer no meaningful information for the IML model.
Patients under the age of 18 years were also excluded. Ultimately, the data set
comprises 8781 observations, of which 8461 are negative and 320 are positive.

IML Model: Repeated Incremental Pruning to Produce Error Reduction (RIP-
PER) [8] is an IML algorithm that operates on rules directly learned f rom the
data. Abbaspour Onari et al. [27] showed its high predictive performance com-
pared to other ML models in COVID-19 prediction. RIPPER produces IF-THEN 
classification rules using the separate-and-conquer technique and the reduced-
error pruning approach. Afterw ard, a set of rules is returned, which can be
applied to classify new objects [27]. Before implementing RIPPER, KNN data 
imputation is applied to correct 2563 missing values in the data set. Then, the 
correlation between the features is calculated, and features with a higher cor-
relation value of 0.7 with each other are dropped from the data set, leaving 27
features to build the IML model. The data set is split into training and test
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data sets with 80%–20% partition, respectively. Although RIPPER shows high 
capability in unbalanced data set classification, we implement the SMOTE over-
sampling technique to have the same number of positive and negative cases in the 
training phase. Furthermore, the model’s hyperparameters are optimized using 
grid search. The model undergoes 5-fold cross-validation on the t raining data
set to validate its performance. The results on the test dataset demonstrate per-
formance metrics of 0.9841 for accuracy, 0.8667 for precision, 0.6393 for recall,
and 0.7358 for the F1 score.

Interpretations: To interpret the prediction’s logic, RIPPER generates three 
rules on the test data set represented in Table 4. The instances that satisfy either 
of these rules are classified as positive cases, and all others are considered as neg-
ative cases. Building upon the insights of Huysmans et al. [15], which demon-
strated that representing decision rules in decision tables enhances respondents’ 
understanding of the rules, we will present RIPPER rules in the same format.
We represented RIPPER’s logic in correctly diagnosing a truly affected patient
in Table 5 as a visual representation in Fig. 3. The legend in the figure explains 
the colors used: orange indicates that the conditions based on the patient’s clin-
ical features are not verified in the RIPPER’s conditions, blue shows that the 
patient’s features are verified in the RIPPER’s conditions, and purple highlights 
when all conditions are satisfied, and the rule is applied to the patient. In cases
where only a single rule is satisfied in RIPPER, that specific rule becomes the
sole basis for the classification decision.

Table 4. Rules generated by RIPPER to classify patients in to positive cases.

Feature Rule 1 Rule 2 Rule 3 
Albumin ≤ 37.9 - -
Alkaline Phosphatase ≤ 82 ≤ 83.6 -
Calcium ≤ 2.28 - -
Erythrocytes ≥ 3.94 - ≥ 4. 29
Glucose ≥ 5.66 - -
Lactate Dehydrogenase ≥ 302 - ≥ 320 
Basophils - ≤ 0.01 -
C-Reactive Protein - ≥ 19.62 -
Leukocytes - ≤ 7.69 ≤ 7. 68
Lipase - ≥ 30.5 -
Mean Cellular Haemoglobin - - ≥ 1. 85

4.2 Selection of Participants 

In the current study, we use an IML model to recommend and interpret diag-
nostic advice to HCPs due to the high-stakes nature of decision-making. Inter-
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Table 5. Blood sample test results of a patient diagnosed as a positive case by RIPPER.

Features Test result 
1 Albumin 37 
2 Alkaline phosphatase 70 
3 Basophils 0.03 
4 Calcium 2.09 
5 C-reactive protein 1.43 
6 Erythrocytes 4.75 
8 Glucose 10.36 
9 Lactate dehydrogenase 392 
10 Leukocytes 7.13 
11 Lipase 47.8 
12 Mean Cellular Haemoglobin 1.895 

Fig. 3. Representation of RIPPER’s rules as decision tables.

pretable models rely on a limited set of features characterized by a low complex-
ity. The underlying assumption is that the m odel encompasses the necessary
explanatory information due to its interpretability [23]. This study will focus on 
understanding how interpretability can build perceived trust among HCPs in 
the IML model. The university’s e thical board granted ethical approval for this
research project1. The participants in our study, including HCPs, were identi-

1 This study has been approved by Ethical Board of the universit y with reference
number: ERB2023IEIS10.
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fied by snowball sampling. Initially, we contacted our network of clinically active 
HCPs with practical experience in healthcare centers during the COVID-19 pan-
demic. Subsequently, we requested them to send our participation request to indi-
viduals who meet our criteria and might be interested. Our research involved a 
total of N=15 HCPs. While this sample size classifies the study as a pilot, the 
valuable contributions of the HCPs make it highly insightful and meaningful. 
We used Qualtrics software as our main tool to design the user study. First, the 
HCPs responded to three questions about their professional background, profes-
sional tenure, and whether they wanted to participate in this research voluntarily. 
This question is apart from the ethical consent forms sent to them. If they had 
opted not to participate, t heir survey would have been terminated immediately.
HCPs are general practitioners, senior medical students, cardiovascular imaging
specialists, medical specialists in infectious diseases, and internal medicine spe-
cialists. Our participants have at least two years of professional work experience
in healthcare centers and, at most, 13 years. HCPs from diverse geographic loca-
tions participated: Iran (10), Italy (2), Canada (1), Australia (1) and the UK
(1). The gender distribution comprised 7 men and 8 women.

4.3 Diagnostic Task: Diagnostic Advice Shift 

Four instances were selected from the test data set to present to all HCPs. In two 
cases, the ground truth status aligns with the recommendation of the IML model, 
while in the remaining two, there are contradictions. In the first sub-task, the
clinical blood sample test results (As shown in Table 5) are presented to HCPs, 
and they are asked to offer their diagnostic advice relying on their expertise. 
The same question is a sked in the next sub-task, including generated rules by
IML and recommendations (see Fig. 3) functioning as clinical decision support 
to diagnose the disease. For both sub-tasks, HCPs can choose an option between 
“Positive COVID-19,” “Negative COVID-19,” and “Not possible to diagnose.”
The results of the diagnostic task have been outlined in Fig. 4. Using Sankey 
diagram, we show how HCPs change their diagnostic advice after interaction
with the clinical decision support.

In Case 1, following their interaction with the IML model, seven HCPs 
adjusted their diagnostic advice. Remarkably, six of them aligned their advice 
with the model’s recommendation. Notably, one HCP revised their initial diag-
nosis from “Negative COVID-19” to “Not possible to diagnose.” This adjustment 
can be deemed a positive impact of the model, revealing the HCP’s initial lack 
of confidence in their initial diagnostic advice. Moving on to Case 2, four HCPs 
modified their diagnostic advice to “Negative COVID-19” after engaging with the 
model. Regarding Case 3, there was no discernible shift in the diagnostic advice 
patterns of HCPs. It appears that the clinical features recommended by the
model lacked sufficient information for the HCPs. It is plausible that these fea-
tures resembled those of a patient with “Positive COVID-19,” prompting HCPs
to err on caution. In Case 4, six HCPs followed the model’s recommended advice
after interacting with it. In conclusion, we assert that the IML model can influ-
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Fig. 4. Diagnostic advice shift of HCPs before and after interaction with IML model’s
recommendations and interpretation.

ence HCPs’ diagnostic advice in at least three tasks to some extent, though not
drastically.

4.4 HCPs’ Satisfaction with Interpretations 

After completing the diagnostic tasks, the HCPs expressed their satisfaction with 
the effectiveness of the model’s interpretation as outlined in Sect. 3.2. The results 
have been demonstrated in Fig. 5. The results indicate that HCPs perceived the
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model’s interpretations as insightful across three scales: understandability, satis-
faction, and usability. However, regarding completeness and accuracy, HCPs did 
not deem the model’s interpretations sufficiently informative. This observation 
might help explain why HCPs were inclined to refrain from providing precise 
diagnostic advice on the diagnostic task and prefer to rely on their expertise. 
Finally, when it comes to evaluating the sufficiency of details and functionality, 
a notable lack of meaningful consensus among HCPs is apparent. Consequently ,
no informative conclusion can be drawn from these aspects. In conclusion, the
utility of the model’s interpretability appears more evident when HCPs intend
to utilize it for their understanding rather than as a significant source of infor-
mation for offering diagnostic advice.

Fig. 5. HCPs’ satisfaction with mod el’s interpretations.

4.5 Eliciting HCPs’ Mental Models Using FCM 

In the conclusive phase of the experiment, HCPs contributed to eliciting their 
perceived trust mental models, as detailed in Sect. 3.2. Using FCMExpert to ol
[24] to semantically visualize mental models as FCMs, we identified four dis-
cernible patterns: trust, distrust, neutrality, and unknown, as illustrated in Fig. 6. 
The positive-weighted edges that originate from the ESS and enter PT in Fig. 6a 
represent a direct influence of ESS on HCP trust. An elevation in ESS values 
corresponds to an increase in perceived trust in them. I n contrast, the negative-
weighted edges from ESS to PT in Fig. 6b indicate that an increase in ESS values 
leads to a decreased perceived trust of HCPs. This observation may stem from 
the realization that the model falls short of meeting their expectations when its 
interpretability is increased. The neutrality behavior emerges when the cumu-
lated weight in PT converges to zeros, signifying that edges’ weights neutralize
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each other, and HCPs feel neutral about the IML model (see Fig. 6c). Finally, 
the solitary unknown pattern indicates that the HCP perceives no influence from 
ESS on PT and vice versa (see Fig. 6d). Extracting meaningful information from 
this pattern regarding HCP’s perceived trust is challenging. To keep the paper 
concise, we presen t mental models for four HCPs to illustrate key patterns.

Table 6. Quantified perceived trust and DoA results. The “Alignment” column shows 
whether both m etrics converge in a common conclusion.

HCP PT DoA Alignment 
HCP1 0.8098 1.1660 �
HCP2 −0.7619 0.6111 �
HCP3 0.9992 0.7849 × 
HCP4 unk 0.9668 -
HCP5 0.9836 0.8876 × 
HCP6 0.0 0.8326 �
HCP7 −0.7805 0.6489 �
HCP8 0.5884 1.0694 �
HCP9 −0.0746 0.7849 �
HCP10 0.9997 1.1660 �
HCP11 0.2061 0.6111 �
HCP12 0.9997 1.1660 �
HCP13 0.9999 1.6988 �
HCP14 0.9942 1.0694 �
HCP15 −0.4631 1.0694 × 

4.6 Quantified Value of Perceived Trust for Each HCP 

The FCM for each HCP was implemented following the r easoning process out-
lined in Sect. 3.2. The reasoning process is terminated once the algorithm reaches 
its maximum iteration limit (k = 35). To determine this value, we began by test-
ing smaller iteration counts (e.g., 10) and observed whether FCM demonstrates 
triple stop criteria. If it did not, we incrementally increased k and reassessed it.
Eventually, at k = 35, all concepts either reached steady state convergence or
showed chaotic behavior, thereby satisfying the stop criteria outlined in Subsect.
3.2. 

Upon completing the FCM implementation, we derived the quantified PT 
values for each HCP, as presented in Table 6. Comparing the results obtained 
with the trust continuum illustrated in column “PT” of Fig. 1 reveals distinctive 
patterns. Two HCPs (2 and 7) demonstrate distrust towards the model, while 
two others (9 and 15) exhibit an undistrusting stance. HCP6 expresses a neutral
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Fig. 6. Semantic representation of mental models (FCMs) of four HCPs representing 
trust, distrust, neutrality, and unknown behavior.

stance towards the model, and HCP11 displays an untrusting disposition. Also, 
the quantified value of trust for HCP4 is unknown, as depicted in Fig. 6d, and 
we exclude it in our future analysis. While the remaining HCPs express trust in 
the model, the extent of trust varies among them.

5 Validation of the Quantified Perceived Trust 

Formal validation of FCMs is challenging due to their subjective nature. The 
difficulty lies in the fact that FCMs represent different interpretations of the sys-
tem, and assessing their accuracy requires comparing them against yet another
interpretation of reality [29]. To achieve this, we adopted the approach outlined 
by Schmidt and Biessmann [34], who introduced a metric to quantify trust by 
incorporating the concept of mutual information. However, Miller [22] believes 
that the metric primarily measures the agreement of users with the ML model’s 
recommendations rather than trust. So, we have adjusted the terminology to
refer to this metric as DoA. This metric measures the shift of diagnostic advice
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among HCPs after interacting with the IML model, indicating reliance on it. 
To do so, using the information collected in Sect. 4.3, the mutual information 
between the IML model recommendation and the diagnostic advice of each HCP 
after interacting with it is measured using the following formula:

I(ŷIM L, ŷHI)  =
∑

ŷIM L,ŷHI 

p(ŷIM L, ŷHI) log2 
p(ŷIM L, ŷHI) 
p(ŷIM L)p(ŷHI )

(2) 

In Eq. 2, the result is measured in bits. Similarly, I(ŷGT , ŷHE) indicates 
the mutual information between the ground truth status and HCP’s diagnos-
tic advice based on their expertise. Hence, the following equation can be used
to measure DoA of each HCP with IML recommendations:

DoA = 
I(ŷIM L, ŷHI) 
I(ŷGT , ŷHE) 

, (3) 

where DoA < 1 represents that HCP does not have a high agreement with the 
model’s recommendation and prefers to rely on its own expertise. DoA > 1 
shows the HCP relies on the model’s recommendation. The perfect agreement 
between the HCP and the IML model is established when the DoA = 1. The
measured DoA for all HCPs is presented in DoA column of Table 6, showing 
eight HCPs rely on their expertise (DoA < 1). This tendency may be influenced 
by factors such as confirmation bias, general skepticism toward AI models, and 
the way IML rules are presented. HCPs found the rules lacking in completeness 
and accuracy, with no clear consensus on their sufficiency in terms of detail and 
functionalit y. While these factors are important and warrant further investiga-
tion to understand the underlying reasons for this behavior, they fall outside the
scope of this research.

The results indicate that seven HCPs exhibit reliance on the model’s diag-
nostic advice (DoA > 1), which is a sign of over-reliance on it. Possible factors 
contributing to this preference include the level of expertise, and general opti-
mism toward AI. However, we acknowledge that further studies are needed to
better understand the underlying causes of this over-reliance. The “Alignment”
column of Table 6 evaluates whether both metrics lead to consistent conclusions 
regarding PT and DoA. Apart from three HCPs (3, 5, 15), all others adhere to
the trust continuum pattern depicted in Fig. 1 and DoA. For instance, HCP3’s 
PT is 0.9992, suggesting near-perfect perceived trust. However, during the diag-
nostic task, they relied on their own expertise (DoA < 1). These discrepancies 
may stem from inaccuracies in how their mental models were elicited. Weights 
and edges in an FCM reflect the subjective perspectives of HCPs, which is an
advantage because it incorporates domain-specific expertise, but it is a limita-
tion due to its inherent subjectivity. This highlights the need for further analysis
in future studies.

Finally, we further analyze the obtained results by calculating the Pearson 
correlation between PT and DoA in Table 6. The correlation coefficient is 0.6851,
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indicating a moderate to strong positive correlation between the two metrics. 
Thus, FCM demonstrates a high level of confidence in quantifying the perceived 
trust of HCPs, aligning closely with their propensity to adjust diagnostic advice
after interaction with the IML model.

6 Discussion and Conclusions 

This study introduces a novel methodology to measure the perceived trust of 
HCPs in interpretable clinical decision support by eliciting their mental models. 
Our findings suggest that while clinical decision support can somewhat influence 
HCPs’ diagnostic advice, its impact is limited. Additionally, HCPs did not find 
interpretations very useful for diagnosing diseases; instead, they were more help-
ful in implementing them in the diagnostic task. This finding resonates with Jin
et al.’s [17] conclusion that existing XAI algorithms often fall short of meeting 
clinical needs. The study validates the quantified perceived trust obtained via 
FCMs by comparing it with the DoA measure, which shows in most cases, both 
metrics converge to the same conclusion about the behavior of HCPs. Finally,
the moderate to strong correlation between perceived trust and DoA suggests
that FCM can effectively measure HCPs’ perceived trust.

Our developed methodology is applicable across all realms in which domain 
experts are accessible. The pivotal aspect of this research lies in identifying key 
components that contribute to trust establishment within the domain of interest. 
This can be achieved by involving experts to pinpoint the principal elements of 
their trust. The strength of the proposed methodology lies in its ability to model 
the trust mechanisms of participants and reflect their subjectivity. Leveraging 
the high interpretability of FCMs, we can detect crucial aspects contributing to 
participants’ trust refinement. Subsequently, this understanding enables us to
refine and improve the IML model to increase trust. Furthermore, FCMs offer
the flexibility to be updated or modified based on new information or changes
in the system, allowing for continuous refinement and improvement.

This study is limited by its small sample size, which categorizes it as a pilot 
study and potentially renders the results statistically unreliable. While a larger 
sample might reveal a greater discrepancy between PT and DoA, it is impor-
tant to note that the core contribution of modeling perceived trust through FCM 
remains unaffected. Because FCM is a subjective model grounded in each HCP’s 
mental model, the quantified perceived trust precisely reflects what HCPs report 
and how they conceptualize their mental models due to the mathematical basis 
of FCM is robust. Despite these limitations, the insights gained—particularly 
from user studies involving HCPs—remain valuable. Trust, though central to 
this study, is a nuanced concept encompassing multiple facets beyond the scope
of ESS alone. Future research will involve participants in identifying and artic-
ulating these broader trust elements.
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