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Abstract

Introduction: Although glaucoma screening Al models show strong performance, their integration
into clinical practice remains limited. Clinicians often face barriers rooted in technological
acceptance, with trust emerging as a key determinant of adoption. Prior research has emphasized
explainability, but a broader exploration of factors affecting trust is needed. This study investigates
multiple factors shaping trust in Al and translates them into design requirements for next-generation

glaucoma screening clinical decision support systems (CDSS).

Method: In a previous study, two real-world glaucoma patient cases, each comprising three visits at
different times, were presented under both unimodal conditions (fundus images only) and multimodal
conditions (fundus images, optical coherence tomography, visual fields, and medical history) through
a mock interface simulating an Al-based glaucoma screening support system. During these simulated
visits, nineteen licensed optometrists interacted with the system and participated in follow-up
interviews, where they were asked whether they trusted the system and to explain their reasoning. The
objective of this thesis is to identify the factors influencing optometrists’ trust in an Al-powered
glaucoma screening tool and to propose design recommendations that can enhance trust in future

iterations. The interview data were analyzed using Braun and Clarke’s thematic analysis approach.

Result and Discussion: The emerging themes indicate that trust in the Al system is shaped by
multiple factors: (1) alignment with clinicians’ expectations of Al’s role: flagging tool vs. consultant;
(2) completeness of information; (3) communications of performance metrics: accuracy, sensitivity,
confidence scores, perceived consistency and perceived quality of training data (4) clinical relevance
of outputs (trends, actionable recommendations, differential diagnosis); (5) transparency in risk factor
weighting, exclusions, and considered variables; (6) decision alignment between optometrists and the
Al, assessed across decision inputs, identified risk factors, their relative importance, recommended
actions, and the gradient of concordance in final decisions; (7) optimized the Al for cautious
screening to captures all potential cases; (8) interface usability supporting timely decisions; (9) users’
self-perceived expertise, occasionally leading to overreliance; (10) onboarding and training that
highlighted the system’s features and limitations; and (11) increasing familiarity over time, which
helped calibrate trust. Based on these findings, 17 design principles were proposed to guide the
development of the next iteration of a trust-supportive interface for glaucoma screening decision

support systems.
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Chapter 1

Introduction and Literature Review

1.1 Overview

Chapter 1 of this thesis reviews the existing literature on trust drivers in Al-based Clinical Decision
Support Systems (AI-CDSS), with a particular focus on glaucoma screening, and highlights the
research gap that forms the basis of this thesis project. Section 1.2 introduces clinical decision-
support systems (CDSS), distinguishes rule-based from Al-driven approaches, and reviews both their
benefits and real-world pitfalls before narrowing to glaucoma as a pressing public-health concern and
a target for Al screening. Section 1.2 then frames the central problem: despite impressive model
performance, glaucoma AI-CDSS remain sparsely adopted, largely because clinicians do not yet trust
them. Section 1.4 surveys the literature to unpack how “trust” is defined, catalogues ten recurring
trust determinants, and highlights factors unique to glaucoma tools. This review reveals that existing
studies focus heavily on explainability, seldom involve Canadian optometrists, and overlook other
critical trust drivers, which leads into Section 1.4.4’s statement of the evidence gap. The chapter
closes by articulating the study’s objectives (Section 1.4.5) and three guiding research questions

(Section 1.4.6), providing a clear springboard for the methods that follow.
1.2 Background

1.2.1 Clinical Decision Support System

A clinical decision support system (CDSS) is an electronic tool designed to aid clinical decision-
making by analyzing individual patient characteristics and generating tailored recommendations for

clinicians to consider [1].

CDSS are typically categorized into knowledge-based and non-knowledge-based types.
Knowledge-based CDSS rely on predefined rules (such as IF-THEN statements), which use various
forms of evidence, like literature, clinical practice, or patient-specific data, to generate actions or
outputs based on retrieved information [2], [3]. In contrast, non-knowledge-based systems also use
data but make decisions through artificial intelligence (Al), machine learning (ML), or pattern

recognition, rather than explicit medical rules [2].

Artificial intelligence (Al) is broadly described as the capability of machines or computers to

exhibit intelligent behavior, that is, to perform tasks that typically require human cognitive abilities
1



[4]. Machine learning (ML) is a subset within the broader field of artificial intelligence (Al) [5].
While numerous definitions of machine learning exist in the literature, Arthur Samuel, one of the
field’s pioneers [5], offered a succinct explanation, describing it as the process by which computers

acquire the ability to perform specific tasks without being explicitly programmed for them [6].

1.2.2 Benefits of Using CDSS in Practice

Overall, CDSS offer several advantages, including enhanced efficiency and quality of healthcare
delivery, improved access to medical information, strengthened communication, and potential cost

reductions [7].

According to Sutton et al [8], In practice, CDSS provide benefits across multiple domains,
including enhanced patient safety, more effective clinical management, cost containment, streamlined
administrative processes, diagnostic support, and patient-oriented decision support, which will be

elaborated in the following sections.

1.2.2.1 Patient Safety

CDSS can help reduce clinical errors and their consequences. An example of this error is drug—drug
interactions, which is a common error that could be prevented by CDSS used in the medication
prescribing process, where it checks the dosing, duplication of therapies, and drug—drug interactions

[91, [10].

Reminder systems for medical events, like blood glucose measurement in the ICU, are among
numerous examples where CDSS helps prevent missed tests, which leads to a decrease in

hypoglycemia events, thereby improving patient safety [11].

1.2.2.2 Clinical Management

Studies have shown that CDSS can enhance adherence to clinical guidelines [12]. This is important,
as traditional guidelines and care pathways are often challenging to apply in real-world settings due to
low clinician compliance [13]. The expectation that practitioners will consistently read, absorb, and

follow new guidelines has proven unrealistic [14].



1.2.2.3 Cost Containment

CDSS can help healthcare systems reduce costs by shortening inpatient stays, recommending lower-
cost medications that are covered by insurance [15], minimizing unnecessary repeat testing, and

improving test ordering practice, without increasing patient mortality or hospital stay duration [16].

1.2.2.4 Administrative Automation

CDSS provides support for clinical and diagnostic coding, ordering of procedures and tests, and
patient triage. CDSS can directly improve quality of clinical documentation as documentation

accuracy is important because it can directly aid clinical protocols [14].

1.2.2.5 Diagnostics Support

Knowledge-based imaging CDSS are commonly applied during the image ordering process,
supporting radiologists by recommending the most suitable tests, offering reminders about best

practice guidelines, and flagging potential issues such as contraindications to contrast agents [17].

As the volume of medical imaging data increases, interpreting it remains a largely manual and
time-intensive task. To overcome this challenge, healthcare professionals require tools that can
streamline the extraction, visualization, and interpretation of such data [18]. Al technologies,
particularly those leveraging advanced techniques like deep learning for pixel recognition and image
classification, are demonstrating the ability to reveal insights beyond human capability [19], [20]. For
instance, Google’s team developed a deep convolutional neural network (CNN) to identify diabetic
retinopathy, achieving performance comparable to that of US board-certified ophthalmologists [21].
They also created a CNN to detect arrhythmias on electrocardiograms, which surpassed the average
cardiologist in accuracy, based on F1 score and sensitivity at matched specificity across all rhythm

categories [22].

1.2.2.6 Patient-facing Decision Support

With the introduction of Personal Health Records (PHRs), Clinical Decision Support Systems
(CDSS) features are now being integrated much like in Electronic Health Records (EHRs), but with
patients as primary users and managers of their own data. This shift marks significant progress toward
patient-centered care. CDSS-enabled PHRs are particularly well-suited for supporting shared
decision-making between patients and providers, as they help eliminate information gaps that might

otherwise hinder patient involvement in their healthcare decisions [23].
3



1.2.3 Pitfalls of Using CDSS in Practice

Although machine learning has been explored extensively in healthcare through numerous proof-of-
concept studies, and has demonstrated many benefits, as described in the previous section [18], its
translation into clinical practice remains minimal, with real-world integration into clinical workflows

still uncommon [24], [25].

Sutton et al [14] identify several pitfalls of using CDSS in practice, including fragmented
workflows, alert fatigue and inappropriate alerts, impact on user skills, dependence on computer
literacy, challenges with system and content maintenance, operational issues due to poor data quality

and incorrect content, lack of transportability and interoperability, and financial challenges.

The pitfalls discussed below apply to all CDSSs, regardless of the domain they support, whether in
eye care or other clinical contexts. Although trust-related factors, which also serve as barriers to
adoption, will be discussed in Section 1.4.2, several general pitfalls related to trust are outlined here.
These include irrelevant or non-significant alerts that may cause clinicians to lose confidence in the
system’s recommendations, as well as over-trusting the CDSS, which can reduce clinicians’ skill

levels and lead to over-dependence on the system.

1.2.3.1 Fragmented Workflows

CDSS can interfere with clinicians’ workflow, particularly when systems are designed to require
documentation or information retrieval outside the provider’s usual workspace [14]. Workflow
disruption also occurs when CDSS design fails to account for human cognitive processes [14]. Such
inefficiencies can increase mental workload, extend task duration, and reduce the amount of time

clinicians spend directly interacting with patients [14].

1.2.3.2 Alert Fatigue and Inappropriate Alerts

Studies indicate that up to 95% of CDSS alerts are of little significance, and physicians frequently
question or distrust them [26]. Other times ignore them. When clinicians are exposed to an excessive

number of irrelevant alerts, they may experience alert fatigue [27].

For example, an alert discouraging the use of broad-spectrum antibiotics such as vancomycin may
be inappropriate in an ICU setting [26], where patients frequently present with severe or resistant
infections requiring immediate intervention. In such high-risk environments, clinicians often need to

initiate broad-spectrum therapy promptly to prevent clinical deterioration. However, in lower-risk
4



settings, such an alert can be beneficial in minimizing unnecessary use and reducing the risk of

antibiotic resistance.

1.2.3.3 Impact on User Skills

Clinicians may become overly dependent on or place too trust in a CDSS for carrying out certain
tasks [28]. This is like relying on a calculator for extended periods and consequently losing
proficiency in mental arithmetic. Such dependency can be problematic, as it reduces the user’s
autonomy and leaves them less capable of performing the task independently in settings where the

CDSS is unavailable [14].

1.2.3.4 Dependence on Computer Literacy

Insufficient technological skills can obstruct users from effectively engaging with a CDSS [29]. The
extent of this challenge depends on the system’s design, as some CDSSs are overly complex, demand

high user proficiency, and require extended training to use effectively [30].

1.2.3.5 Challenges with System and Content Maintenance

Keeping a CDSS up to date is important, but this part of its life cycle is often overlooked. This
involves taking care of the technical parts of the CDSS. Another challenge is keeping the knowledge
base and its rules up to date, as medical practices and clinical guidelines change quickly. Even the
most advanced healthcare institutions struggle to keep their systems current as medical knowledge

constantly evolves [31].

1.2.3.6 Operational Issues Due to Poor Data Quality and Incorrect Content

The CDSS knowledge base depends on a high-quality clinical data repository created by its users. .
However, users may adopt workarounds that compromise data integrity, for example, by entering
incomplete, generic, or inaccurate information [31]. In such cases, the accuracy of decision support is
affected, as it is directly tied to the quality of the underlying data. CDSSs also rely on data from
constantly changing systems; for instance, certain modules may prompt clinicians to place orders

even when hospital resources are insufficient.



1.2.3.7 Lack of Transportability and Interoperability

Many CDSS remain as cumbersome standalone tools or are embedded within systems that struggle to
exchange information effectively with others [14]. Additionally, concerns or perceived risks

surrounding the transfer of sensitive patient data further hinder seamless integration [14].

1.2.3.8 Financial Challenges

Up to 74% of CDSS users reported that maintaining financial sustainability continues to be a
challenge [32]. The initial expenses associated with implementing and integrating new systems is
considerable. Additionally, ongoing costs often persist, as continuous staff training and regular

system updates are needed to ensure alignment with evolving clinical knowledge and practices [14].

1.2.4 CDSS in Ophthalmology and Glaucoma Detection

The use of artificial intelligence (Al) in the diagnosis and management of eye diseases has grown
increasingly popular, as studies emphasize its potential to enhance personalized care and improve
health outcomes [33]. Especially in the case of glaucoma diagnosis, Al in optometry involves
sophisticated algorithms that process complex inputs like fundus images and relevant patient
information. These systems leverage image processing, computer vision, deep learning, and transfer

learning techniques to identify and diagnose glaucoma [34].

Al algorithms have been developed for analyzing images related to various retinal conditions, such
as diabetic retinopathy (damage to the retina caused by diabetes), age-related macular degeneration
(degeneration of the central part of the retina), retinopathy of prematurity (abnormal blood vessel
development in the retina of premature infants), retinal vascular occlusions (blockage of blood vessels
in the retina), and retinal detachment (separation of the retina from the underlying tissue).
Additionally, their use has been explored in glaucoma, keratoconus (thinning and bulging of the
cornea), cataracts (clouding of the eye’s lens), refractive errors, intraocular lens power estimation
(calculating the correct lens strength for cataract surgery), and in planning strabismus surgeries
(procedures to correct misaligned eyes) [35], [36]. Al shows significant promise as a screening tool,
particularly with the approval of systems like IDx-DR and EyeArt by the U.S. Food and Drug
Administration for diabetic retinopathy screening, and the i-ROP Deep Learning system for assessing

retinopathy of prematurity. These tools assist in identifying cases that require specialist referral [33].



Al-based diagnostic models in ophthalmology have demonstrated high performance across multiple
conditions, with some systems achieving accuracy comparable to, or even surpassing, that of
experienced ophthalmologists, particularly in tasks such as diabetic retinopathy detection and grading

[37].

1.2.5 Glaucoma

Glaucoma is a group of progressive optic neuropathies characterized by the degeneration of retinal
ganglion cells and the thinning of the retinal nerve fiber layer, which together result in structural

changes to the optic nerve head [38]. Glaucomatous disecases are broadly classified into open-angle
and angle-closure types [39]. Among Glaucoma’s subtypes, Open-angle glaucoma accounts for the

majority of glaucoma cases in the United States, exceeding 80% [40].

Open-angle glaucoma typically progresses without symptoms until its later stages, highlighting the
importance of early diagnosis and intervention [39]. It presents as a slowly progressing optic
neuropathy, typically beginning with peripheral visual field loss that advances toward the central field
in a characteristic pattern [41]. If left untreated, this gradual decline in vision can ultimately lead to

irreversible blindness [42].

As the leading cause of irreversible blindness globally, glaucoma has a profound impact on
individuals' quality of life [43]. It ranks second only to cataracts as a cause of blindness worldwide
[44]. In the United States, the economic burden of glaucoma alone is estimated at $2.9 billion
annually [45]. By 2022, approximately 4.22 million people in the U.S. were living with glaucoma

[46] and nearly half were unaware of their condition [47].

Glaucoma is closely linked to aging, with older adults being disproportionately affected [43]. As a
result, the global number of individuals aged 40 to 80 with glaucoma is projected to rise significantly,

from 76 million in 2020 to 111.8 million by 2040 [48].

Given its high prevalence, asymptomatic progressive nature, and substantial economic cost,
glaucoma represents a major public health concern; these challenges have led to increasing attention
from healthcare planners and policymakers, who emphasize the importance of early detection and
treatment as critical steps in preventing irreversible vision loss [49]. Identifying the disease in its

carly stages remains essential for halting its progression and preserving vision [50].



1.2.6 Glaucoma Detection and Related Al-Based CDSS

According to the UpToDate website, (an evidence-based, peer-reviewed clinical resource) an article
titled “Open-Angle Glaucoma: Epidemiology, Clinical Presentation, and Diagnosis” [51] states that
conventional methods for diagnosing glaucoma include fundus examination, visual field testing,

intraocular pressure measurement, pachymetry, and optical coherence tomography (OCT).

Glaucoma is a slowly progressing eye disease that is often difficult to detect in its early stages due
to the lack of clear or noticeable symptoms [52]. The absence of definitive tests or signs contributes
to variability in clinical decision-making, which can be influenced by the optometrist’s level of
expertise, subjective interpretation of patient data, and the equipment used [53], [54]. These
challenges make diagnosis particularly difficult and highlight the potential value of Al-powered
clinical decision support systems (AI-CDSS) in standardizing the diagnostic process and providing a

more objective analysis of clinical data [34].

A major benefit of glaucoma screening algorithms is their consistently high predictive
performance, particularly in detecting moderate to severe glaucoma [55], [56]. As examples of studies
which measures. Niwas et al. assessed a fully automated model for classifying angle-closure
glaucoma using anterior segment OCT scans, demonstrating an accuracy of 89.2% [57]. Li and
colleagues assessed a deep learning algorithm applied to fundus photographs, which achieved strong
performance in identifying referable glaucomatous optic neuropathy, with a sensitivity of 95.6% and
specificity of 92% [58]. Andersson et al. demonstrated that a trained artificial neural network (ANN)
achieved 93% sensitivity and 91% specificity in assessing glaucoma visual fields, performing on par

with, or better than, clinicians [59].

1.3 Problem Statement and Motivation

Despite high performance of glaucoma screening models as an Al-driven CDSS, their translation into
clinical practice remains minimal, with real-world integration into clinical workflows still uncommon
[24], [25]. Sutton et al. [14] describe pitfalls that clinicians experience in the day-to-day use of CDSS
(see Section 1.2.3). However, before reaching that stage, clinicians often encounter a different set of

challenges in the adoption pathway that are rooted in technology acceptance [60].

In the context of CDSS, technology acceptance goes beyond simply using the system, it involves

accepting and acting on its recommendations [61]. Trust is therefore a key determinant of whether



clinicians perceive Al-driven interventions as acceptable [62], and it has been repeatedly cited as a

major factor in the uptake of data-driven tools [25].

A systematic review by AlQudah et al. [63] found that across 18 studies, trust was consistently
identified as an external factor influencing technology acceptance in healthcare. While the
Technology Acceptance Model (TAM) [64] and the Unified Theory of Acceptance and Use of
Technology (UTAUT) [65] remain the dominant frameworks for explaining acceptance, neither
explicitly incorporates trust. The review recommended extending these models by integrating trust

and other external variables to achieve a more comprehensive understanding of user acceptance.

A cross-sectional study that surveyed Australian clinicians working in hospital and primary care
settings found that 63% of respondents believed a lack of trust and confidence in the system’s content
among end users is a barrier to adoption [66]. Concerns related to trust are commonly mentioned in
the literature, but they are rarely explored in detail [25]. Factors which contribute toward building

trust are crucial to explore from clinicians perspective for the widespread adoption of Al [67].

1.4 Literature Review

1.4.1 Understanding Trust in CDSS

Trust is a multifaceted concept shaped by both emotional and rational evaluations. At its core, trust
involves a willingness to accept one’s dependence on another, recognizing that some level of

vulnerability is inherent in such a relationship [68]

Building on this idea, O’Neill emphasizes that trust is not granted blindly; it is established through
a combination of empirical and normative assessments [69]. We evaluate whether claims align with
observable reality and whether actions adhere to recognized standards such as honesty, reliability, and

competence.

Mayer et al [70], further elaborate on this by identifying three foundational dimensions that
influence our willingness to trust: ability, benevolence, and integrity. Ability refers to the skills and
expertise that allow a party to perform effectively within a specific context. Benevolence captures the
extent to which the trustee is perceived to have genuine goodwill toward the trustor, independent of
personal gain. Integrity reflects the perception that the trustee upholds a set of principles or values

that the trustor finds acceptable.



Together, these perspectives show that trust is not a singular or static judgment, but a dynamic
process grounded in evidence, shared norms, and personal beliefs about the other party's intentions

and capabilities.

1.4.2 Factors Influencing Trust in CDSS

To better understand how trust in Al-based clinical decision support systems (AI-CDSS) is
conceptualized among healthcare professionals, while reviewing the literature, a systematic review
was found that matched the intended broad literature review goal, which is finding themes of trust in
CDSS in general. A systematic review by Tun and colleagues [71], though still in production, is
available as an accepted manuscript. The study aimed to identify the constraints and facilitators of

trust in AI-CDSS from the perspective of healthcare.

The authors of above mentioned review study employed a structured search strategy using English

29 ¢

keywords such as “trust,” “acceptance,” and “perception,” combined with terms like “artificial

99 ¢¢

intelligence,” “Al,” “decision support systems,” “clinical decision support,” and “Al-based decision

29 ¢ RIS

support,” alongside descriptors of healthcare roles such as “clinicians,” “nurses,” “medical
professionals,” and “healthcare providers.” This comprehensive approach enabled the review to
capture nuanced perspectives on trust across diverse professional and clinical contexts. The review
synthesizes empirical studies published between January 2020 and November 30, 2024, a period
selected to reflect the post-COVID-19 surge in healthcare digitization and the increased investment in

Al technologies, including the emergence of generative models like ChatGPT in clinical contexts.

Tun et al. [71], Included studies were retrieved from PubMed, Scopus, and Google Scholar. The
study populations represented a wide spectrum of roles, including physicians, nurses, nurse
practitioners, general practitioners, ICU clinicians, pharmacists, ophthalmologists, oncologists,
behavioral health specialists, interdisciplinary teams, and Al practitioners. A total of 27 articles met
the inclusion criteria, focusing on healthcare workers’ perceptions, experiences, and levels of trust
and acceptance in AI-CDSS across clinical environments, including primary care and hospital
settings, with the majority of studies conducted in hospital contexts. Articles that were not peer-
reviewed, including editorials, opinion pieces, and other forms of non-research literature, were

excluded.

The included studies used a range of methodologies, encompassing qualitative, quantitative, and

mixed methods studies, and quantitative cross-sectional surveys. In terms of geographic distribution,
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the majority of studies took place in the United States (12 studies), followed by Europe (7), with a
few conducted across multiple countries (3), in the United Kingdom (2), and individually in China,
Singapore, and Egypt (1 study each). The sample sizes of the studies included varied widely, from

small focus groups to large cohorts of over 1,000 participants.

A peer-reviewed preprint version of a systematic review was consulted to identify studies
examining factors that influence trust in Al-based clinical decision support systems (AI-CDSS). The
table in the systematic review paper lists the studies included along with the trust-related factors they
reported. However, the synthesis and thematic descriptions in the discussion section lack proper
citations linking the themes and relevant codes to corresponding studies. “Consequently, the table
provided in the appendix of the aforementioned systematic review was used in this thesis as a
reference point for identifying relevant papers. These papers were then independently reviewed by the
author to extract trust factors, which were grouped and cited with their corresponding sources. The
grouping process follows the fourth step of thematic analysis by Braun and Clarke [72], which
involves categorizing trust factors identified in the papers into meaningful, logically coherent groups
to form emerging concepts. Although this approach is technically designed for codes derived from
interviews, I applied the same methodology to categorize trust factors that relate to one another. The
process was conducted by Ali Karim in an interactive manner, which included regrouping, merging,
and splitting categories until all trust factors within each group fell under the same conceptual

umbrella.

Several themes emerged from the literature review regarding healthcare workers’ trust in Al-based
Clinical Decision Support Systems (AI-CDSS), including (1) perceived ai model quality, (2)
explainability, transparency and Interpretability of Al systems, (3) clinical accountability, (4) training
and general familiarity with Al, (5) evidence-based and peer-endorsed validation, (6) alignment with
clinical judgment, (7) experience-driven trust development, (8) miscellaneous factors. These themes,
along with number of studies citing each theme, are summarized in the Table 1, and will be

elaborated upon in the following paragraphs.
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Table 1. Trust Factor Emerging Themes Derived from Literature Review

Number of
Emerging Theme Supporting References
Papers

Perceived ai model quality . [59], [60], [61], [62], [63], [64], [65], [66],

[67], [68], [69], [70]
Explainability, transparency and interpretability o [59], [61], [62], [63], [66], [67], [71], [72],
of ai systems [73], [74]
Clinical accountability 9 [60], [64], [67], [72], [74], [75], [76], [77],

[78]

Training and general familiarity with Al 7 [61], [67], [74],[79], [80], [81], [82]
Evidence-based and peer-endorsed validation 6 [61], [62], [65], [66], [81], [83]
Alignment with clinical judgment 4 [66], [84], [85], [86]
Experience-driven trust development 5 [65], [74], [76], [81], [87]
Miscellaneous factors 4 [61], [74], [78], [84]

1.4.2.1 Perceived Al model Quality

A total of 12 studies underscore the significance of Al model quality as a critical determinant of user

trust across both healthcare and non-healthcare contexts. Trust in AI-CDSS is closely linked to

perceptions of model quality. This begins with transparency regarding model inputs, including the

type and source of training data, and whether the data used are relevant and representative of the

clinical context [73], [74], [75], [76]. Furthermore, clearly communicating the criteria used for model

selection, as well as the size and characteristics of the training cohort, is perceived as essential for

ensuring the robustness of the model development process, thereby enhancing transparency and,

ultimately, trust [77]. The credibility of the Al developer has also been cited as an important factor

influencing clinicians’ trust in the system [74]. These factors collectively contribute to perceptions of
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model accuracy [77], [78], [79] and recommendation accuracy [79], [80], both of which are

fundamental to establishing trust.

The accuracy of AI-CDSS is often associated with the system’s ability to minimize false positives
and false negatives [78], an essential indicator of its clinical reliability. Accuracy is frequently
conveyed through confidence scores, typically expressed as percentage values. Low confidence
scores (e.g., an Al recommendation with only 30% confidence) have been shown to significantly
reduce trust in the system’s outputs [81]. Similar patterns have been observed beyond the healthcare
domain, where both the perceived accuracy and confidence of Al models are consistently identified as
key determinants of user trust [82], [83], [84]. Additional concerns arise when Al systems fail to
detect severe abnormalities beyond their intended scope or demonstrate performance limitations due
to external factors such as poor image quality, both of which can substantially undermine clinicians’
confidence in their diagnostic capabilities [78]. Addressing these issues is therefore essential for

fostering trust in AI-CDSS.

1.4.2.2 Explainability, Transparency and Interpretability of Al Systems

Explainability, transparency, and interpretability significantly influence clinician trust and confidence
in Al-based tools, as indicated by findings from 10 papers. Explainability encompasses clear
documentation supporting algorithm validity, the logic behind the outputs, the meaning of risk scores
for patients, and the rationale behind specific patient recommendations [85]. Transparency of Al
systems involves understanding the data quality, data sources, underlying model logic, the population
data used to develop the model, and clarity about the algorithm's intended optimization outcomes
[73], [75], [76], [80], [86]. Interpretability primarily refers to the clarity and comprehensibility of Al-

generated recommendations [73].

Clinicians' perception of Al credibility improves when explanations are example-based, clearly
justifying the recommendations [77], [80]. Conversely, Al tools perceived as "black box" systems,
characterized by opaque decision-making processes and insufficient explanation or justification, lead
to distrust and diminished confidence in Al-generated diagnoses [80], [87], [88]. Additionally, the
utility of explanations matters to clinicians, especially in distinguishing important from less important

information [77].

Overall, clinician trust is closely linked to their understanding of Al system development,

algorithm complexity, and the transparency of the model's operational logic [80], [89].
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1.4.2.3 Clinical Accountability

Clinicians’ sense of professional responsibility and their perception of risk, both play a critical role in
shaping trust in Al-based clinical decision support systems (AI-CDSS), as supported by nine papers.
One of the primary concerns is the possibility that the Al system may introduce medical errors, while
the legal and ethical responsibility for patient outcomes remains with the clinician [90]. This
perceived risk, particularly the fear of being held accountable for errors generated by the Al, can
significantly reduce trust in the system [91]. As clinicians are ultimately responsible for making final
decisions about patient care, they are unlikely to fully rely on AI-CDSS without the ability to
independently assess its outputs [87]. Even when they do trust the Al they still prefer to review and
validate its recommendations before acting on them [74], [87]. Accordingly, the degree of perceived
control over clinical decision-making emerges as a critical factor in building and maintaining trust

[92].

Another related concern is the risk of over-reliance on Al, where clinicians may gradually become
less engaged in active decision-making, leading to a decline in their clinical judgment and skills [89],
[93]. Addressing this issue involves calibrating clinicians’ expectations of what Al can and cannot do,
a process shown to positively influence trust when managed appropriately [91]. Providing targeted
training and onboarding can help clinicians develop a realistic understanding of the system’s role,
thereby fostering more balanced and informed use, rather than treating them as unquestionable

outputs.

One study pointed out errors in the Al system, raising concerns about its reliability and suggesting
that clinicians should not overlook green-labeled images without careful review [78]. This highlights
the importance of thoroughly assessing all images, including those marked as low risk, to minimize
errors and reinforce clinician accountability. Another study also emphasized the need to ensure that
Al-generated recommendations are clinically appropriate and make sense within the context of

patient care to maintain patient safety and support clinician accountability [86].

1.4.2.4 Training and General Familiarity with Al

Seven studies underscore the importance of general familiarity with Al, along with initial training and
onboarding, as key factors influencing trust in both healthcare and non-healthcare domains. Trust in
Al-based clinical decision support systems (CDSS) is shaped by individual perceptions, which vary

significantly among clinicians [75]. A key contributing factor is the level of Al literacy, which differs
14



from person to person. Prior research in non-healthcare domains has highlighted Al literacy as a
determinant of trust in intelligent systems [94], [95], [96]. Notably, clinicians with greater familiarity
with machine learning (ML) models have been found to be less likely to follow ML-generated
recommendations compared to those with lower familiarity [96], suggesting a more critical or

cautious stance toward system outputs.

Effective onboarding and training are instrumental in fostering trust in CDSS by improving
clinicians’ understanding of system features and functionalities and by enhancing the perceived
transparency of the Al model [81], [87]. Given the time-constrained nature of clinical environments,
clinicians often prefer to calibrate their trust in Al systems at an early stage, rather than reassessing it
continuously during patient care [96]. This preference underscores the importance of initial training

and trust formation outside of direct clinical interactions [89].

1.4.2.5 Evidence-Based and Peer-Endorsed Validation

Validation and Endorsement of AI-CDSS is a key theme influencing clinicians’ trust, supported by
evidence from six unique papers. In the context of clinical decision support systems (CDSS), the
validity of any intervention, particularly Al-powered CDSS, is highly valued and plays a critical role
in shaping clinicians’ trust. Clinicians consider several forms of validation when determining whether
an intervention is trustworthy, with randomized controlled trials being the most highly regarded [75],
[79], [96]. External validation is also valued due to its unbiased nature [97]. Additionally, pilot
studies of Al-based CDSS that compare outcomes with usual care are considered another means of

establishing preliminary validation [76].

Professional endorsement serves as a strong foundation for trust, especially when the AI-CDSS is
recommended by medical societies [75], [96]. or expert clinicians in the field [89], [96]. Longitudinal
prospective validation is also cited as a trust-building factor [80] because it confirms an A[-CDSS's
performance using new patient data under real-world clinical conditions, providing stronger evidence

of reliability than retrospective methods.

To develop a trustworthy and actionable Al-powered CDSS, the clinical recommendations it
generates must be not only accurate but also clinically sound. Validation of these recommendations is
therefore essential. Clinicians typically rely on two key sources: guidelines issued by professional
societies and peer-reviewed journal articles [75]. Guidelines are particularly important because they

reflect expert consensus, are methodologically rigorous, and serve as standardized references for
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practice. However, since they evolve slowly, scientific literature, being more current, is often

preferred in fast-moving clinical contexts [75].

1.4.2.6 Alignment with Clinical Judgment

This theme is evidenced by four studies, two conducted in healthcare settings and two in non-
healthcare domains. Clinicians reported that when Al recommendations align with their own clinical
assessments, it contributes to building trust [98]. Conversely, disagreement with Al recommendations
tends to reduce trust [80]. This concept is even more rigorously supported in studies beyond
healthcare, where the level of alignment or disagreement between individuals’ own judgments and Al

recommendations has been shown to influence their trust levels [99], [100].

1.4.2.7 Experience-Driven Trust Development

This theme, supported by five unique papers, highlights the role of previous general Al system usage
as a trust-building factor, both within healthcare [96] and beyond healthcare contexts [101].
Familiarity with basic Al concepts enhances users’ understanding of the model, which contributes to
increased trust. Trust is developed over time, both positively and negatively, through direct
interaction with the system across different clinical scenarios and patient cases [79], [89], where
clinicians can observe the quality of outputs and recommendations. This process is closely tied to the
perceived performance of the system: when the Al aligns with clinicians' expectations, it fosters trust
[91]; however, perceived risk, such as the potential for errors or unpredictable behavior, can diminish

clinicians’ confidence in the system [91].

1.4.2.8 Miscellaneous Factors

Finally, there are several important but less frequently reported factors that contribute to trust in Al-
based CDSS. One such factor is patient complexity. Clinicians tend to trust the system more when the
patient presents with a common clinical status [98], as these cases are perceived to be within the Al
system’s capabilities. This reflects the broader concern about the system's performance when dealing

with more complex, less routine scenarios.

Interface customization also plays a role in building trust. Allowing clinicians to ask questions and
provide design input aligns with participatory design principles, which are widely regarded as
effective for creating trustworthy systems [89]. Similarly, adjusting alert sensitivity to match user

needs enhances perceived control and system relevance, further strengthening trust [89].
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Interestingly, the sponsoring company behind the Al system is also seen as a trust factor, primarily

due to the company's reputation, an organizational attribute is associated with system trust [75].

Finally, some clinicians express concerns that Al could contribute to the dehumanization of
healthcare by diminishing patient-clinician empathy and human warmth [93]. This trust barrier may
be addressed through a human-in-the-loop approach, ensuring that clinicians retain final decision-

making authority and reinforcing the human role in patient care.

1.4.3 Glaucoma-specific Trust Factors

The literature identifies several key factors that influence clinicians’ trust in glaucoma detection
CDSS. These include: the system’s reliability across different levels of disease severity, the degree of
explainability and transparency, achieved through techniques ranging from visual explanations to
feature attribution methods; the system’s demonstrated consistency over time; and its ability to align
with the multimodal nature of clinicians’ diagnostic workflows. These factors are explored in detail in

the following paragraphs.

Evidence indicates that clinicians' trust in glaucoma CDSS is not uniformly distributed across
clinical scenarios involving varying disease severities. Clinicians tend to place greater trust in these
tools when managing early-stage or moderate glaucoma, while their trust diminishes in advanced
cases. Chen et al. reported that as the severity of glaucoma increases, the mean Likert trust level in the
Al system decreases [102]; Van den Brandt et al. report that, in clinical settings, GLANCE, a
glaucoma detection decision support system, is considered more trustworthy when used in mild to
moderate cases of glaucoma[103]. This trend may reflect clinicians’ increased caution when dealing

with complex or high-stakes cases, where any system limitations are more consequential.

Explainable Al (XAI) techniques have been increasingly used to interpret the outputs of “black-
box” deep learning models in glaucoma detection, with promising effects on clinician trust. Multiple
approaches have been employed to increase transparency, focusing both on image interpretation and
on explaining the contribution of clinical risk factors to the final diagnosis. Heatmap-based visual
explanation for analyzing color fundus images has been shown to enhance trust among medical
professionals [104]. Pixel Density Analysis (PDA) has been applied to fundus images to interpret
image features, revealing that the optic nerve region appears more prominently in glaucoma-positive

cases [105]. Visual-based explanation tools, such as bounding boxes highlighting areas of concern on
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optical coherence tomography (OCT) images, further support clinicians in calibrating their trust in the

system and making decisions with greater confidence [103].

Regarding transparency in contributing clinical risk factors, Submodular Pick for Local
Interpretable Model-Agnostic Explanations (SP-LIME) has been employed to identify key clinical
features influencing model predictions, thereby providing more interpretable and trustworthy
explanations for glaucoma diagnoses [105]. In addition, SHapley Additive exPlanations (SHAP) have
been used to highlight the top contributing features and quantify the weight of each factor in the final

clinical decision, offering a scoring-based explanation of the model's output [106].

While Explainable Al (XAI) is generally thought to enhance trust in clinical decision support
systems, some evidence suggests that not all explanation types are equally effective. One study found
that the inclusion of explanations, specifically, Feature Importance Explanations (which present the
top three most influential features based on SHAP values) and Scoring-based Explanations (which
provide rules for score calculation based on feature distributions), did not significantly improve

clinician trust in the system [106].

Visualizing the alignment between actual and predicted values over time can positively influence
clinicians’ trust by reinforcing the perceived reliability of the system. For example, displaying a
trendline of the actual mean deviation from visual field measurements, as an indicator of
glaucomatous damage, alongside the predicted trajectory, enables clinicians to evaluate whether the
Al’s predictions align with the observed progression of glaucoma over time. This visual consistency
serves as a trust cue, helping clinicians gauge the system’s performance over time and make more

confident decisions [103].

Optometrists are more likely to trust a decision support system when it incorporates data modalities
that align with their typical diagnostic workflow [107]. Trust is enhanced when the system reflects the
multifaceted nature of clinical reasoning by integrating multiple sources of information, such as
fundus images, optical coherence tomography (OCT) scans, medical history, and visual field results,
rather than relying on a single input. This multimodal approach mirrors the way optometrists assess

patients in practice, thereby increasing the system’s perceived relevance and credibility [107].
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1.4.4 Identified Gaps

Despite a growing body of work on clinician trust in CDSS, glaucoma-specific evidence remains thin.
Only a handful of studies have examined trust in Al-driven glaucoma screening, even fewer have
used Canadian optometrists, and the majority concentrate on explainability alone, ignoring other
established determinants of trust. This narrow and geographically limited evidence base hampers the
design of tools that Canadian optometrists will actually adopt. A multi-factor investigation that goes
beyond explainability is therefore required to pinpoint the full set of trust drivers and translate them

into design requirements for the next generation of glaucoma screening CDSS.

1.4.5 Research Objectives

The objective of this thesis is to identify the factors influencing optometrists’ trust in an Al-powered
glaucoma screening tool, conceptualized as an Al-based clinical decision support system (AI-CDSS),

to propose design recommendations that enhance trust in future iterations of the tool.

1.4.6 Research Questions

To achieve the study’s overall objective, the following Research Questions (RQ) were posed:

RQ1) What key factors influence optometrists’ trust in Al-powered clinical decision-support

systems (CDSS) for glaucoma screening?

RQ2) How do optometrists evaluate the performance of glaucoma-focused AI CDSS, and how do

those evaluations translate into varying levels of clinical trust?

RQ3) What design principles should guide the development of glaucoma AI CDSS to foster and

sustain optometrists’ trust?

1.5 Thesis Outline

This thesis is organized into four chapters, followed by references and appendices. Chapter 2
describes the methodological approach, including an overview of the study procedure, the design of
the mock interface, participant recruitment, data collection and analysis methods, and ethical
considerations. Chapter 3 presents the results, beginning with participant demographics, and
continuing with the qualitative findings, which are organized into themes and subthemes. Chapter 4
provides the discussion, interpreting the key factors influencing trust in Al-based glaucoma screening

systems, examining how performance evaluations translate into trust, and outlining design principles
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to support trustworthy CDSS design. It also highlights the study’s strengths and limitations and
concludes with directions for future work. The thesis ends with a list of references and appendices
containing supporting materials, including demographic information, participant letters, the study

brochure, questionnaires, feedback and consent forms, and the interview script.
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Chapter 2
Methodology

2.1 Overview

This chapter begins by outlining the study procedure, followed by a description of the mock interface
used to simulate patient—optometrist interactions. Sections 2.5 and 2.6 detail participant recruitment,
and data collection. These are the procedures from Ghaffar’s study and are included here for context.

The procedures for the thematic analysis that I did begins in Section 2.7.

2.2 Study Procedure

This study is a subset of a larger PhD research project designed and conducted by Faisal Ghafar
[108]. While the broader study included multiple components, such as various questionnaires, this
thesis focuses exclusively on the qualitative analysis of optometrists’ verbal responses regarding
factors influencing their trust during Al-assisted simulated patient evaluations, a dimension not

covered in the original thesis.

Each participant followed a structured, repeatable workflow. First, participants provided informed
consent, as outlined in Appendix G. They then completed a demographic questionnaire, mentioned in
Appendix E, which collected information on gender, age, ethnicity, highest level of education, and
any specific glaucoma related certificates. Also, during each interview participants were asked about
their years of practice as an optometrist, average number of patients seen per week, average number
of glaucoma patients screened per week. This information helped contextualize the results. Next,
participants interacted with two identical patient cases, each typically with three visits at different

times, and were used to simulate the patient-optometrist interactions.

Data for this study were obtained from the School of Optometry and Vision Science at the
University of Waterloo, Canada. Patient records from the institution’s database were reviewed, with
selection restricted to those cases in which patients had provided explicit consent for their information
to be used in research. Each patient’s record offered a longitudinal view, capturing data across
multiple clinical visits. The selection of data attributes from patient records was guided by evidence
and practices reported in prior studies of a similar nature [109], [110]. The data collection captures a

broad range of patient characteristics, incorporating both key ocular health metrics and relevant
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external factors. This comprehensive approach ensures that optometrists can conduct a thorough
evaluation of glaucoma risk and progression. The patient features included in this study are outlined
in Table 2. Out of the initial pool of patients, cases were chosen based on criteria aimed at ensuring
they were appropriate for both unimodal and multimodal approaches, they were drawn from the
suspect diagnostic range, an area where Al could provide added value, commonly marked by clinical
uncertainty, though no explicit difficulty grading was applied. Ultimately, two patient records,

referred to as Case A and Case B, were chosen for optometrists to review during in-depth interviews.

Table 2- Data Features Collected for Glaucoma Diagnosis

Category Factors

Demographic factors | Age, gender, and race

Historical data Ocular history, medical history, medication history, social history, and
family history
Internal attributes Habitual spectacle prescription, unaided visual acuity, aided acuity, pupils,

anterior segment examination, Goldman applanation tonometry, central

corneal thickness, and gonioscopy

Images Fundus image and Optical Coherence Tomography (OCT) images

Reports Posterior segment examination, visual field, and OCT

Patient cases were presented in both unimodal and multimodal versions (the unimodal and

multimodal systems are discussed later in Section 2.3). The order of exposure was as follows:
- Unimodal interface: Case A (Visit 1, Visit 2), Case B (Visit 1, Visit 2, and Visit 3)
- Multimodal interface: Case A (Visit 1, Visit 2, Visit 3), and Case B (Visit 1, Visit 2, and
Visit 3)

At each visit, participants first reviewed the patient data (e.g., patient history, fundus photos, OCT,
and visual field results) along with the Al output (diagnostic label, suspicious level, confidence score,
risk factors, current diagnostic findings, and conclusion and recommended actions). Participants were

prompted to make a final diagnostic judgment while verbalizing their thought process using a think-
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aloud protocol [111]. This method captured their reasoning and made them engaged with the data.

After each visit, participants completed a brief follow-up questionnaire to assess their understanding

of the case. The interview script containing these items is provided in Appendix H. Figure 1

summarizes the study design as described above.

It is worth noting that all cases in both unimodal and multimodal conditions included three visits,

except for Unimodal Case A, which had two visits. This is because the domain expert who assisted in

co-designing the system and refining the data suggested removing one visit due to ambiguous data.

Al system prediction correctness

Correct D
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Diagnosis decision of Al system
Glaucoma Negative o
Glaucoma Suspect #,
Glaucoma Positive E43

| 1.Choose
| system type

Severity level predicted | Al system
confidence score

Case A:
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Visit 2: Moderate, 92%
Visit 3: Early, 97%
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Visit 1: High, 92%
Visit 2: Moderate, 73%
visit 3: Early, 86%

Figure 1- Study Design
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This study focused on optometrists’ responses to the follow-up question: “Would you trust this Al

system to be used in a clinical environment? Explain.”, asked at the end of each visit by

interviewer. Additionally, spontaneous mentions of trust during the debriefing sessions, which

provided broader reflections on their experience with the Al system, were also included in the

analysis.
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Out of the 11 patient visits presented in the study, 4 cases were deliberately assigned an “incorrect”
final diagnosis, noted in Table 3. This adjustment was intentional and served a methodological
purpose: it was designed to introduce diagnostic uncertainty and observe how optometrists’ reason

through ambiguous or conflicting information.

Table 3- AI Diagnostic Changes

Incorrect but presented on
Patient Case-Visit Number Correct
interface
Case A, multimodal and Glaucoma positive Glaucoma suspect
unimodal, visit 2
Case B, multimodal, visit 3 No Glaucoma Glaucoma positive
Case B, unimodal, visit 2

2.3 Mock Interface Design Description

Patient information is categorized into four sections: “General”, “Fundus”, “OCT”, and “Visual
Field”, as indicated by label ¢ in Figure 2. Each section is accessible through its own tab. The general
section covers patient demographics, ocular and medical history, medication use, and social and
family history. It also includes ocular details such as pupil testing, extraocular muscle movements,
and anterior segment details for the right eye (OD) and the left eye (OS). The fundus tab presents
fundus photographs for both eyes. The OCT tab provides retinal nerve fiber layer (RNFL) single-
exam and trend reports for each eye. The visual field tab contains single field analysis as well as

glaucoma progression analysis (GPA) with baseline GPA follow-up data.
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Figure 2-Unimodal System, Fundus Tab

The Al system output is structured into two components: diagnosis and explanation. The diagnosis
component, labelled (a) in Figure 2, presents the key decisions generated by the Al system. These
include the primary diagnosis (glaucoma positive, glaucoma suspect, or no glaucoma), a suspicion
rating that further specifies the diagnosis (high, medium, or low for suspects; early, mild, moderate,

or severe for glaucoma positive), and the system’s confidence level in its decision.

In the interface, diagnoses and suspicion levels were determined using the majority decision from
Faisal Ghaffar’s earlier study [112] while confidence scores were derived from the proportion of

participants who selected that majority diagnosis in the same study.

The explanation component, labeled (b) in Figure 2, outlines the rationale behind the Al system’s
decision (including risk factors and diagnostic findings), along with a conclusion and recommended
next steps. These explanations were manually designed to mirror the reasoning process of each
system. Their content differed by modality: unimodal systems referred to a single input source

(fundus image), while multimodal systems incorporated all available input data (general information,
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fundus imaging, OCT, and visual field). Each explanation included the decision factors, diagnostic

findings, and the conclusion with recommended actions.

The initial explanations were developed from the qualitative findings of the earlier Faisal Ghaffar‘s
study [112], which examined how participants interpreted and reasoned with identical patient data.
These qualitative insights informed the creation of explanation content designed to reflect realistic
clinical reasoning. The explanations were subsequently refined through iterative feedback from a

practicing optometrist to ensure accuracy, relevance, and consistency across cases.
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Figure 3- Unimodal System, Other Tabs Except Fundus

The unimodal and multimodal Al systems were designed with notable differences, which were
explained to participants to ensure they could clearly recognize the system modality they were using.
In addition to the verbal explanation, a visual aid was provided on the interface: a green dot with a
legend indicated that the corresponding tests were used by the Al system for diagnosis, while sections

marked with a red dot were not utilized by the system.

In the unimodal system, decisions relied exclusively on fundus images. Al-generated explanations

were provided for both the eyes within the fundus imaging tab, and a summary of diagnostic
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decisions was displayed in the Al diagnosis panel. However, the explanations were limited to

information derived solely from fundus imagery.

The multimodal Al system followed a multi-agent design, integrating separate Al models for

fundus images, OCT, and visual field data. Each model produced its own interpretation and

explanation within its respective tab, shown as local explanations for fundus photo in a red box

labeled (e) in Figure 2, when selected by the user. These tab-specific explanations, together with

general patient information, contributed to the local explanation displayed in the Al diagnosis panel.

Notably, the decision factor visualization was a feature unique to the multimodal system, labeled (a)

in Figure 4.
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Figure 4- Multimodal System, Visual Field Tab

For easier cross comparison of unimodal and multimodal systems, Figure 5 is provided. This photo

taken from Faisal Ghaffar’s thesis [108].
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Figure 5- Multimodal vs Unimodal Cross Comparison over Tabs

2.4 Ethical Considerations

Ethics approval for this study was obtained from the University of Waterloo Research Ethics Board
(REB) under application number #45248, titled “Human decision variation with accuracy and data
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modalities of Al system.” Informed consent was obtained from all participants prior to their
involvement in the study, and participants were assured of confidentiality, voluntary participation,

and the right to withdraw at any time.

Informed consent was obtained from all participants prior to their participation. Consent was
documented both through a written signature on the consent form and through verbal confirmation at

the beginning of the session. A copy of the consent form is provided in Appendix G.

2.5 Participants

A total of 20 licensed optometrists participated in the study; all actively engaged in clinical practice
with prior experience in glaucoma screening and diagnosis. Eligibility criteria specified that
participants had to be licensed optometrists practicing in Ontario and between 18 and 64 years of age.

No exclusion criteria were applied.

2.6 Data Collection Methodology

The participant pool consisted of optometrists from the School of Optometry and Vision Science at
the University of Waterloo, as well as other optometry clinics across Ontario. These optometrists
were contacted via their personal email addresses by Dr. Nadine Furtado. The recruitment email
scripts are provided in Appendix B (for optometrists known to Dr. Furtado) and Appendix C (for
those not known to her). In addition, optometrists were informed about the study through brochures,

included in Appendix D.

The study begins with a brief introduction by the research team, outlining the investigators’
backgrounds and the purpose of the project. Participants are thanked for their time and provided with
an overview of the study and its objectives. They were informed that the session will be recorded, and
the structure of the study is explained. Participants are reminded that their involvement is voluntary,
that they may decline to answer any questions, and that they may withdraw at any time, in which case
their data will be erased. Also, participants are also asked to complete a demographic questionnaire

explained in Participants section.

The interviews were conducted as part of Faisal Ghaffar’s (FG) main study and were carried out by

FG and Yousuf Zia Islam (YZI), with the majority led by FG. Microsoft Teams was used to record
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and transcribe interviews. A semi-structured interview format was followed, concluding with a short
debrief session. The interview script is provided in Appendix H. Each interview lasted approximately
two hours. As part of the feedback and appreciation process, participants were thanked immediately
following the session and subsequently received a follow-up email, the script for which is included in
Appendix F. As compensation for their time, participants received an honorarium of $150 upon
completing the study, regardless of the exact time spent. If a participant chose to leave the study

before completing the session, a pro-rated amount of $75 per hour was provided.
2.7 Data Analysis Methodology

2.7.1 Thematic Analysis

The interviews were analyzed using inductive thematic analysis, guided by Braun and Clarke’s
widely adopted six-phase framework [72]. This approach was chosen because it allows for a
systematic yet flexible process of identifying, analyzing, and reporting patterns within qualitative
data. The analysis was conducted iteratively, with multiple coders involved to enhance rigor, reduce
individual biases, and ensure that the findings reflected participants’ perspectives rather than

researchers’ assumptions. The following sections outline each stage of the analysis process in detail.

1) Familiarizing with the data: The transcripts were read by researchers, Ali Karim and
Wendy Xu, who became familiar with domain-specific terminology, interview structure, and

potential sections of interest, while taking notes to gain a high-level overview of the data.

2) Generating initial codes: Microsoft Word and Microsoft Excel for Microsoft 365 MSO
(Version 2507) were used to manage the data. Word was used to code the transcripts, while
Excel was used to track codes across transcripts and to organize them into groups. To ensure
rigor, multiple coders were involved in the thematic analysis process. Different areas of
expertise were incorporated, and multiple perspectives were brought in to highlight nuances

that might have been missed by a single coder.

All transcripts were coded independently by two researchers with different backgrounds, Ali
Karim (AK) and Wendy Xu (WX), in a flexible, iterative, exploratory, and inductive manner.
Coding decisions were compared in multiple in-person sessions, during which discrepancies
were identified and discussed. When disagreements persisted, they were presented to Faisal
Ghaffar (FG) in a virtual meeting on Microsoft Teams, attended by both AK and WX.
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Through this triangulation process, codes were applied consistently, and consensus was
achieved, thereby strengthening inter-coder reliability, reducing individual biases, and
enriching data interpretation. The complementary expertise of the research team further
enhanced the analysis. An outsider’s perspective was provided by WX, who was not initially
familiar with trust and glaucoma screening terminology, which helped make the codes clearer
and more accessible for readers from different backgrounds. Domain-specific expertise was
contributed by FG, who had PhD-level experience and direct engagement with optometrists
during study design and interviews, ensuring that field-specific terminology was applied
appropriately while remaining understandable. Qualitative analysis expertise was contributed

by AK, who was familiar with trust-related concepts through extensive literature review.

3) Searching for themes: Codes were collated into potential categories that centered on a
concept, with all relevant data gathered under each. Broader patterns, similarities, and
connections between codes were examined to determine whether themes encompassed
multiple sub-categories (sub-themes) formed around those central concepts. After the codes

were consolidated, themes and sub-themes were independently developed by AK and WX,

4) Reviewing themes: Themes independently developed by researchers (AK and WX) were
compared and refined between researcher’s emerging themes through multiple online
discussions on Microsoft Teams, during which each coder explained the reasoning behind
theme development and definitions. The themes were then reviewed to ensure they were
sufficiently distinct from one another in terms of assigned codes. This process sometimes
involved merging two or more themes into one, splitting a theme into multiple themes, or
adjusting the codes assigned to each category. Within each theme, codes remained centered
on the same topic, while across themes, each was kept unique and sufficiently distinct.
Defining and naming themes: Naming each theme was carried out by AK, while the process
of providing definitions and clarifying the overall story conveyed by the themes was

undertaken jointly by AK and WX.

5) Producing the report: A detailed description of each theme was provided by AK in this

thesis, including illustrative quotes and an explanation of their broader implications.

This analytic process not only structured the data but also transformed it into meaningful themes

that captured participants’ perspectives on trust and glaucoma screening. The emerging themes
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generated through this process provide the foundation for the findings presented in the next chapter,

where they are discussed in detail and interpreted in relation to the research question.

2.7.2 Decision Ladder Framework

This study employed decision ladder analysis based on the cognitive decision-making framework
originally developed by Rasmussen [113] and later improved by Vicente [114]. This approach was
used to provide a structured, visual depiction of the reasoning steps and knowledge states optometrists
move through when evaluating the performance alignment between the Al system and their own

judgment, a process that ultimately help shaping their trust in the system.

A schematic of the decision ladder is presented in Figure 6. The framework includes two categories
of nodes: rectangular nodes indicate the cognitive or information-processing activities performed by
the decision-maker, while circular nodes denote the resulting knowledge states. The process begins
when an external alert in the environment triggers the decision-maker to react to a situation. The left
side of the ladder represents the stage of situational assessment, where individuals collect information
and identify possible courses of action in response to the initial cue. Once the most suitable response
is determined through knowledge-based reasoning, the right side of the ladder illustrates the planning

and execution steps that follow.

Although the framework is depicted sequentially, experienced decision-makers often bypass certain
steps to reach conclusions more efficiently. These cognitive shortcuts are depicted in two forms. A
leap is a shortcut that connects directly between two knowledge states (circle to circle), imply that
one knowledge state triggers another without any explicit intermediate processing. A shunt is a
shortcut where an information-processing activity (box) leads to a knowledge state (circle), in other
words: some processing is done, then a knowledge state is achieved, but it skips one or more of the
intermediate steps. The structure presented in Figure 6 is adapted from adapted from Rasmussen 1974

[113].
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Chapter 3

Results

3.1 Overview

This chapter presents the results of the study, specific to the thematic analysis of trust. It starts with a
summary of the participants' demographic characteristics, including their gender identity and clinical
experience. Following this summary, the chapter reports findings from the qualitative analysis of
participant interviews. These findings are organized into thematic categories that reflect the
participants’ trust forming factors in glaucoma screening clinical decision support system. The themes
include expected Al usage, more data requirements, model performance, clinical relevance,
explainability and transparency, decision alignment, decision philosophy, usability, self-perceived
expertise, training, and familiarity through continued use. Each section is supported by illustrative

quotes to capture participants' perspectives in their own words.

3.2 Participant Demographics

The study included 20 participants, one of whom (P4) was excluded from analysis totally due to
missing information. The final analysis of this study included 19 participants. As noted in Table 4, of
the 20 participants, 50% (n=10) identified as female, 40% (n=8) as male, and 10% (n=2) as trans or
non-binary (Figure 9). Most participants reported Asian backgrounds including South, East, West,
including Iranian and Middle Eastern, 50% (n=10), followed by Caucasian/European, 45% (n=9),
with 4% (n=1) identifying as “Other” (Figure 7). The group also spanned a broad age range: 45%
(n=9) were between 20-30 years, 25% (n=5) between 30—40, 15% (n=3) between 40-50, 5% (n=1)
between 50-60, and 10% (n=2) chose not to disclose their age (Figure 8Figure 8— Participants’ Age
Distribution).

As mentioned in Table 5 participants had an average of 6.85 + 8.24 years of clinical experience as
practicing optometrists, with a range from 0.5 to 25 years (Figure 12). On average, participants saw
59.1 + 25.4 patients per week ranging from 8 — 100 (Figure 11), including 8.18 + 6.27 glaucoma
patients, with weekly glaucoma screenings ranging from 0 to 20 patients (Figure 10). This participant
pool represented a broad spectrum of clinical experience, making them well-positioned to reflect on

diagnostic workflows with the integration of Al into glaucoma screening practices.
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Appendix A provides full demographic information for each participant.

Table 4- Participants’ Demographic Distribution

Gender Identity Percentage (n)
Male 40% (n=8)
Female 50% (n=10)
Non-Binary 10% (n=2)

Asian (South, East, West, Iranian, Middle Eastern) 50% (10)

European/Caucasian 45% (9)

Other 4% (1)

i i M

20-30 45% (9)

30-40 25% (5)

40-50 15% (3)

50-60 5% (1)

N/A 10% (2)

Asian (South, European
0 East, West, Iranian, /C i
20-30  30-40  40-50  50-60  N/A Viddle Eastern) /Caucasian

Figure 8- Participants’ Age Distribution Figure 7- Participants’ Ethnicity Distribution
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Figure 9- Participants’ Gender Distribution

Table 5-Participants' Clinical Experience Metrics

Metrics Mean (= SD) Range
Years of practicing as an 6.85 (£ 8.24) years 0.5 — 25 years
optometrist
Average number of patients seen 59.1 (£ 25.4) patients/week 8 — 100 patients/week
per week
Average glaucoma patients 8.18 (x 6.27) glaucoma 0 - 20 glaucoma
screened per week patients/week patients/week

The graphs below illustrate the distribution of participants’ years of experience, average number of
patients seen per week, and average number of glaucoma patients screened per week. Although the
sample covers a range of clinicians, it is skewed toward women, those with fewer years of experience,
and those with lighter glaucoma exposure, while the average number of patients seen per week is
relatively normally distributed. This imbalance should be taken into account when interpreting the
findings, as the results may disproportionately represent the perspectives of earlier-career
optometrists. The skewness values shown above each histogram are derived from Fisher’s moment

coefficient of skewness.
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Figure 12- Participants’ Distribution of Years of Experience

3.3 Qualitative results

Thematic analysis of the interview data revealed a set of recurring themes that reflect key factors
influencing clinicians' trust in Al-based diagnostic systems. These themes capture a range of
considerations, from practical system-level concerns to deeper philosophical and experiential
influences on clinical decision-making. Table 6 presents the emerging themes along with the number
of supporting codes associated with each. The emerging themes are expected Al usage, more data,
decision alignment, explainability and transparency, model performance, familiarity through

continued use, clinical relevance, decision philosophy, self-perceived expertise, training, and
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usability. Together, these themes provide a comprehensive view of the trust-building landscape and

inform design considerations for future Al-enabled clinical tools.

Table 6-Emerging Themes Overview-ordered by frequency

Emerging Themes Number of Codes
Expected Al Usage 62
More Data 39
Decision Alignment 34
Explainability and Transparency 23
Model Performance 17
Familiarity Through Continued Use 8
Clinical Relevance 6
Decision Philosophy 5
Self-Perceived Expertise 4
Training 3
Usability 2

The order of emerging themes presented here is based on the number of codes associated with each
theme. This approach, known as frequency analysis, reflects the relative importance of each emerging

theme.

3.3.1 Expected Al Usage

This theme highlights that the way an Al system is introduced to clinicians must align with their
expectations and clinical workflow. A key finding from this study is that clinicians consistently view
Al as a supplementary tool rather than independent decision-maker. This supplementary role appears
in two main ways. First, as a “test result flagging tool”, the Al flags suspicious test results that may

indicate glaucoma, early in the diagnostic process. Second, as a “second opinion”, the Al provides its
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own diagnostic conclusion and reasoning after clinicians have formed their initial judgment, allowing

them to review or reconsider their decision. Table 7 shows the frequency of these two approaches.

Table 7-Expected Al Usage Approach-Emerging Theme

Al Usage Approach Number of Supporting Codes
Test result flagging tool 21
Second opinion 18

3.3.1.1 Test Result Flagging Tool

The first approach involves using the Al system as a flagging or screening tool. In this case, the
optometrist uses the system during the diagnostic stage, where the Al flags suspicious test results.
This allows the optometrist to focus on validating those flagged suspicious test results more carefully,

rather than reviewing all test results, thereby saving time.

“Like as a final diagnosis? No [l don’t trust it], but I would trust it to flag things

[suspicious test results].”

(Quote from P15)

Although they trust the flagging/screening feature, they want to validate the short-listed suspicious

test result, especially in cases of low Al-reported confidence score (73%).

“Everything's going to have errors, every practitioner has errors. It's reasonable
to have errors. 1 feel like I would still be very confident in the system itself. As
long as there is an opportunity to review each thing [suspicious test results] as

well.”

(Quote from P10)

Optometrists noted that flagging/screening suspicious test results will lead to them saving time and

cognitive resources.
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“It is helpful that it flags things [suspicious test results] because if you're seeing a
lot of patients and, you may not have time to go through all the different trends

that we just went over in depth.”
(Quote from P14)

“It would kind of hone my cognitive resources and focus them as opposed to

’

having them spread everywhere.’

(Quote from P10)

Paying attention only to suspicious test results reflects a level of trust in the Al system and a belief

in its reasonably accurate performance.

“Personally, I would still want to just review the results myself just because I like
to review them, but if I did become familiar with the multimodal system and trust
it and [thinking that it] was fairly accurate, then I could see myself, not

2

necessarily having to go through all the visual field, OCT results.

(Quote from P11).

3.3.1.2 Second Opinion

Optometrists in this group insist on making their own diagnostic judgment first, without looking into
Al diagnosis and corresponding explanation, based on the raw test data and the complete patient
record, before consulting the Al's output. The tendency to review test results is particularly evident

with unimodal systems, where the Al does not consider enough of the relevant test results.

The importance of combining AI’s output with the optometrists’ clinical interpretation is

highlighted in the following quotes.

“So, I think you need to integrate it with what you're seeing as well, because it is

still a machine”
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“[ like the fact that we can marry just our own viewing of the information as well

as what their [Al system] opinion is”

(Quotes from P20)

Some optometrists are skeptical of the Al system and believe test results should still be evaluated

independently by the optometrist.

“You know, I partially would [trust it], but what I also don't trust, I think it's

’

important for doctors to still interpret the data themselves.’
(Quote from P12)

“I would trust to be using a clinical environment as long as it was being reviewed

by a practitioner.”

(Quote from P10)

This skepticism is often the case with unimodal systems, where the Al does not consider enough of

the test results. Optometrists want to evaluate the results that the Al system has overlooked.

“Yes [I trust unimodal], as long as the practitioner makes sure to use other [test

results], like OCT, visual field as well.”

(Quote from P14)

3.3.2 More Data

This theme does not include sub-themes. It is generally recognized that Al systems incorporating
multiple data sources (multimodal systems) are perceived as more trustworthy than those relying on a
single data source (unimodal systems). In this study, trust in unimodal systems varied, from distrust to
hesitant or conditional trust as shown in Table 8. However, regardless of these differences,

optometrists consistently expressed greater trust in multimodal systems.
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Table 8- Variation in Trust Toward Unimodal AI Systems

Variation in Trust Toward Unimodal Al Systems Number of Supporting Codes
Conditional trust in unimodal 1

Hesitant trust in unimodal 4

Trust unimodal < trust multimodal 27
Untrustworthy unimodal 4

Trust in unimodal systems appears to be context/optometrist dependent, with some users showing

hesitation or conditional trust, while others view unimodal systems as outright untrustworthy.

P20 finds the unimodal system trustworthy despite knowing it does not incorporate all available

information and still uses it as a second opinion.

“I would trust it to be used in a clinical environment, knowing that it's not

’

incorporating all the information that I have. It may give you that extra opinion.’

(Quote from P20)

P19 and P7 express hesitant trust in the Al system, recognizing that it does not account for all the

information they consider in their clinical practice.

“Not too confidently [trusting it], again, doesn't give us more information. It
doesn't take OCT and Visual field analysis plus the other general health factors

and the gonioscopy into play.”

(Quote from P19)

P1, P6, and P12 find the unimodal system untrustworthy for the same reason: it does not take

enough information into consideration.
No, [I don’t trust unimodal]. Because it's just the photo and I need more.

(Quote from P1)
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3.3.3 Decision Alignment

Decision alignment refers to the degree of alignment between the AI’s output and the optometrists’
clinical judgment. This theme is characterized by the presence of agreement, the extent of that
agreement, and the specific aspects it pertains to. It is defined by seven sub-themes, the first five,
representing different dimensions of agreement: agreement with the Al screening output, alignment
with the decision input, alignment on identified risk factors, agreement with the AI’s
recommendation, and agreement with the AI’s reasoning. Sixth and seventh sub-themes capture other

agreement related topics. These sub-themes are summarized in Table 9.

Table 9- Decision Alignment-Emerging Theme

Theme Sub-theme Number of Codes
Decision Agreement with Al screening output 10
Alignment Decision Input alignment 9
Identified risk factor alignment 4
Recommendation agreement 1
Agreement with Al reasoning 6
Cumulative Impact of Agreement and Disagreement 2
Agreement Overrides Performance Metrics 2
Total 34

3.3.3.1 Agreement with Al Screening Output

One of the key dimensions of agreement, and the most frequently reported by optometrists, is
agreement with the AI’s final diagnosis. In general, when optometrists agreed with the AI’s screening
output, their trust in the system increased. Trust could also build gradually if the AI’s screening
output aligned with the optometrist’s judgment in most cases. The extent of agreement also matters
which led this thesis to introduce the concept of a concordance gradient, a scale reflecting the degree
of difference between the Al’s screening output and the optometrists. To contextualize this, Table 10

outlines the various categories of glaucoma diagnosis used in this study. For example, if the Al labels
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a case as "glaucoma suspect" and the optometrist labels it as "glaucoma medium," this would
represent one degree of disagreement. However, if the Al classifies a case as "glaucoma positive,
early stage" while the optometrist identifies it as "glaucoma suspect, medium," this would represent

two degrees of disagreement, and vice versa.

Table 10- Screening Output Categories

Glaucoma suspect

Low Medium High

Table 11 illustrates how the degree of disagreement between the Al screening output and the

optometrist’s judgment correlates with reported trust levels. When there was only one degree of
disagreement, four instances were recorded, two were associated with trust in the Al system, while
the remaining two indicated lower trust levels. In cases with two degrees of disagreement, three
instances occurred, leading to a decline in trust overall: two as untrustworthy, one case was marked as
less trusted. A single instance of three degrees of disagreement was reported, which resulted in

hesitant trust.

Table 11- Degrees of Disagreement

2 trustworthy

One degree of disagreement 4 1 less trusted

1 hesitant trust

1 less trusted
Two degrees of disagreement 3

2 untrustworthy

Three degrees of disagreement 1 1 hesitant trust
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3.3.3.2 Decision Input alignment

When Al considers the same inputs, it contributes to building trust in the system. Also, multimodal
systems are considered more trustworthy in comparison with unimodal because their decision inputs

more closely align with those of optometrists.

“[I trust it] because it [Al system] looks at the same factors that are important for

diagnosis as a clinician.”
(Quote from P9)

“I trust the multimodal system more [than unimodal] just because that is aligned

better with how my clinical practice is.”

(Quote from P8)

3.3.3.3 Identified Risk Factor Alignment

The difference between alignment on identified risk factors and decision input alignment lies in the
level of interpretation. The former refers to whether the Al identifies the same risk factors as the
clinician, while the latter concerns how the Al interprets those inputs as risk factors or not, based on
their contribution to the final screening output. It is important to note that not all decision inputs are
risk factors, decision inputs may include normal findings as well. Therefore, alignment on risk factors

is a specific subset of decision input alignment, focused only on clinically significant indicators.

“I think so [trusting Al system] ... all the risk factors are there; it just doesn't

comment on the rim tissue which is super important.”
(Quote from P1)

“It does look like it is picking up on cup-to-disc-ratios in the way [as a risk

factor] that I would agree.”

(Quote from P2)

45



3.3.3.4 Recommendation Agreement

Within the domain of decision alignment, agreement with the AI’s recommended follow-up time

serves as an example of trust building factor.

3.3.3.5 Agreement with Al Reasoning

This sub-theme concerns the level of agreement between the AI’s assessment of how much a given
risk factor contributes to the final screening output (as represented by feature importance percentages
in explainable Al models) and the optometrist’s own perception of that factor’s significance.
Optometrists tend to compare the Al model’s explanations with their own clinical judgment to
validate the Al’s reasoning and build trust, as reported by P15. When optometrists disagree with the
AD’s reasoning, it tends to lower their trust in the system and increases their need to independently

review the patient’s information.

“[ think for the most part of this case, yes [I trust it], but, in terms of the weights
of the risk factors for glaucoma, it's a little bit different than how I would weigh it.

So, I would have to review it.”

(Quote from P18)

On the other hand, presenting Al-weighted risk factors contributing to the final diagnosis may help
resolve disagreements between humans and Al by enabling granular validation of each risk factor's

effect.

“If I'm disagreeing, but I see that it is heavily weighted on one thing, but I just
disagree on another thing, then maybe I agree with everything else that Al said.
Because it is heavily weighted on one factor which I don’t agree with how it
interpretated, I can kind of go through the other things to see if I agree with the

other ones.”

(Quote from P5)

It is worth noting that in the absence of feature importance explanations, one optometrist (P18)

assumed that the Al followed a decision-making process equivalent to their own.
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3.3.3.6 Cumulative Impact of Agreement and Disagreement

The number of disagreements and agreements with the Al output influenced trust differently across
participants. For example, P7 reported that a single instance of disagreement would not impact on
their trust if the Al had aligned with their judgment in previous cases. In contrast, P1 noted that a later

disagreement could diminish the trust that had been built during earlier interactions.

3.3.3.7 Agreement Overrides Performance Metrics

Although Al-reported model performance metrics, such as accuracy and Al confidence level, are
considered important (e.g., P20 notes their relevance when experts disagree with the Al), trust is more
strongly influenced by the level of agreement with the AI’s output than by the system’s reported
confidence levels, as highlighted by P1.

3.3.4 Explainability and Transparency

Explainability and transparency emerged as a theme. It reflects the importance of enabling users to
understand how the Al system works and makes decisions. However, transparency is expected at
varying forms and in different styles, which influences optometrists' trust. These variations are

captured in the sub-themes outlined in Table 12.

Table 12-Explainability & Transparency- Emerging Theme

Theme Sub-theme Number of Codes
Explainability and Risk Factor transparency 11
transparency Explanation style 8
Perception of explanation output 2
Recommendation transparency 1
Not agreeing with Al reasoning 1
Total 23

3.3.4.1 Risk Factor Transparency

Risk factor transparency emerged as the most prominent sub-theme. It was considered more

important than other forms of transparency, such as final diagnosis transparency and recommendation
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transparency. This sub-theme involves flagging Al-identified risk factors or highlighting suspicious
test results for optometrists to review, enabling faster validation of the Al output and saving time by

avoiding the need to examine all test results, if Al is trusted.

“...with multimodal system, I can look at the summaries for all of them and then if
it's flagging something as being a diagnosis, then [ can go into it and analyze it a

little bit quicker and kind of use it more as a screening tool. That way, as opposed
to unimodal, going through and analyzing everything with its raw data. It would
hone my cognitive resources and focus them as opposed to having them spread

everywhere.”
(Quotes from P10)

“If it doesn't give me that breakdown, then I have to look at every single thing,

’

and then it doesn't really save me that much time.’

(Quote from P5)

Interestingly, one participant did not necessarily trust the final AI’s screening output but still found

the Al helpful in flagging suspicious factors that contributed to the screening output .

“I wouldn't trust it necessarily to make the final diagnosis, but I think it could be
helpful in terms of pointing out to features of the nerve that are suspicious for

’

glaucoma, to kind of help, and give me a second eye almost on things’

(Quote from P8)

3.3.4.2 Explanation Style

Explanation style is another emerging sub-theme that affects trust. It encompasses how explanations
should be delivered to the optometrist to build their trust in the Al system. Communicating missing
input data helps optometrists calibrate their trust, as illustrated by two participants. P11 noted that if
the missing data (fundus photo) is not as critical as the information already considered by the Al

system (OCT), their trust in the output is maintained.
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“Even though the fundus images aren't there, I would still trust the system

because it is analyzing from the OCT result”

(Quote from P11)

P7 emphasized that being aware of missing input data, such as fundus images, not only helps them
understand why the Al's output might be limited but also reassures them that the system is making

decisions based on available, reliable information rather than potentially low-quality inputs.

“Do I agree with the glaucoma diagnosis? No. Do I trust the system? Yes, to
somewhat, because I think it's making it based on the data available [fundus

photo is not available] ”

“I trust it more if there were fundus images, definitely I would, but I also
understand the app for various reasons, it’s very possible, like just being
clinician, they tried to get fundus photos at this visit and they weren't accurate.

’

And you don't want to feed the system garbage data.’

(Quotes from P7)

An optometrist emphasized explaining how each factor was interpreted in forming the diagnosis

would lead to trusting the Al system more confidently.

“ILwould say if it showed me how they interpret that information, I'll be more confident using them”

(Quote from P19)

One approach to explaining the AI model output is by presenting Al-weighted risk factors that
contribute to the final screening output. This method can help resolve disagreements between the Al

and the optometrist by enabling granular validation of each factor’s influence.

“The other thing is like, if I'm disagreeing, but I see that it is heavily weighted on
one thing, but I just disagree on another thing. Then, maybe I agree with
everything else that Al said because it is heavily weighted on one factor which 1
don’t agree with how it interpreted that, I can kind of go through the other things

’

to see if [ agree with the other one.’
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(Quote from P5)

Optometrists expressed a preference for granular yet concise interpretations of individual test
results. They valued one-line Al-generated insights for each specific test, as these were quick to

review and did not require much time.

“The multimodal one was nice because for every single stage, there's just a quick
one-line answer where it tells you what the interpretation the Al is getting from

2

it.
(Quote from P5)

3.3.4.3 Perception of Explanation Output

The optometrists emphasized that trust increases when the Al not only displays all contributing risk
factors, beyond just the top-ranked ones. This reflects a preference for full transparency in the
diagnostic rationale, enabling experts to independently assess the relevance of each factor, regardless
of the feature importance rankings generated by explainable Al models. A participant assumed that
the Al had overlooked key patient information, such as medical or family history, because it wasn’t
visibly presented in the output. In reality, the system had considered this data but only displayed the
top contributing factors, which don’t include medical history. This led to confusion and reflected how
limited explanations can make users feel like important context is missing, potentially affecting their
trust in the system. It underscores the importance of making explanation outputs more transparent and

complete to avoid misunderstandings.

3.3.4.4 Recommendation Transparency

An optometrist expressed greater trust in the system when the Al provided reasoning behind its
recommendations, indicating that transparent explanations of why a specific recommendation is made

can contribute to building trust.

3.3.4.5 Not agreeing with Al Reasoning

Although presenting Al-weighted risk factors that contribute to the final diagnosis would help
optometrists build trust, it can act as a double-edged sword: if the Al's feature importance weights do
not align with the optometrist’s clinical judgment, particularly when a feature is perceived as

undervalued, it may lead to decreased trust in the system. It is important to note that, as mentioned in
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the relevant section, the feature-importance weights presented here are local, meaning they vary from
one visit to another. Consequently, their influence on trust is also dynamic, as local explanations

evolve with each patient’s data and visit over time.

3.3.5 Model Performance

Perceived performance of the Al model emerged as another key theme influencing participants’ trust.
This theme encompasses five sub-themes: confidence score, perceived sensitivity, perceived
accuracy, perceived consistency and, perceived data input quality. Table 13 summarizes the

prominence of each sub-theme based on the frequency of reports in interviews.

Table 13- Model Performance -Emerging Theme

Theme Sub-theme Number of Codes
Confidence score 8
Perceived sensitivity 5
Model Performance | Perceived accuracy 2
Perceived consistency 1
Perceived input quality 1
Total 17

3.3.5.1 Confidence Score

The confidence score was ranked first within the model performance theme. Confidence score is a
numerical value produced by a model that reflects its estimated certainty in a given prediction,
typically derived from the model’s output probabilities. Unlike accuracy, which is an evaluation

metric calculated after comparing predictions against ground truth across many cases.

To provide some context, the confidence scores across different visits for two patient cases were
73%, 86%, 92%, and 97%. All were color-coded in green and reported alongside the final Al
screening output for each visit. Participants expressed a range of sentiments toward the 73%
confidence score, spanning from perceiving the Al system as untrustworthy (reported by one

optometrist) to exhibiting hesitant or conditional trust (reported by two optometrists).

51



An optometrist (P1) found the Al system untrustworthy when it did not indicate its confidence, by
reporting a low score of 73%. Other optometrists (P18 and P20) stated that a drop in the confidence
score from 92% to 73% led them to have conditional trust in the Al system, if it was used as a
asisstive tool requiring optometrist validation, either by themselves if they were comfortable with
glaucoma diagnosis (P18) or by another optometrist (P20). To add context, P20 had limited
knowledge of OCT and limited experience with glaucoma diagnosis, which led to over-trusting the Al
system. However, in cases with lower confidence scores (73%), they preferred to have another

optometrist validate the AI’s diagnosis and interpretation of the OCT test results.

“I think because its confidence level is lower, mine is lower and having what
looks like a change in the OCT, I'm blindly trusting that it's accurate. I would
want somebody who knows OCT to comment on the accuracy of [Al system]

reading an OCT before I bought into the system.”

(Quote from P20)

Our study also has limited instances of confidence scores, as the scope was focused on identifying
factors that affect trust, rather than examining how different confidence levels influence optometrists’
trust. However, as an interesting finding, P1 stated that they would only trust the Al system if the

confidence score were above 90%.

Another optometrist (P14) perceived the 73% confidence score as a sign that the Al system is not
as adaptive as it should be to different cases, which raises concerns about the overall accuracy of the

Al system. This connects to the next sub-theme under the model performance theme.

Additionally, the level of agreement with the Al diagnosis was identified as a trust-building factor
(discussed later in Section 3.3.3). The relationship between the communicated Al confidence score
and decision alignment is particularly interesting. P1 stated that their trust was driven more by

agreement with the diagnosis than by the Al’s confidence score:

“Il don’t trust Al system] Not with that confidence [score, 73%]. I mean the
32

output [the Al diagnosis] is correct. So, I suppose yes [I trust Al system].”
(Quote from Pl)
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3.3.5.2 Perceived Sensitivity

Among the sub-themes under model performance, perceived sensitivity was the second most
frequently reported. Participants referred to sensitivity in terms of whether an Al system could
outperform humans in detecting negative changes in test results. In machine learning and statistics,
sensitivity is formally defined as the proportion of actual positives that the system correctly identifies.
While participants did not use this technical terminology, their descriptions align with the broader

notion of an AI’s ability to reliably detect subtle or adverse changes that humans might overlook.

P20 believed the Al system was trustworthy as it picks up subtle differences that a human
optometrist may have overlooked, and it was reported three times in different patient visits by P20.
P11 also agrees with them that identifying small clinical changes and identifying the most diagnostic

changes would lead to trust.

P12 challenged the Al system by stating that the Al system should be able to diagnose non-obvious

patient cases where there could be a high level of uncertainty among optometrists:

“But if it's obvious to the Al, it should be obvious to a licensed and properly
trained eye doctor to make the diagnosis... It's the non-obvious stuff that I think

>

like these cases where it gets a bit trickier.’

(Quote from P12)

3.3.5.3 Perceived Accuracy

Two codes referred to accuracy, making it the third most frequently reported sub-theme under model
performance. In general, accuracy as a model performance metric is perceived as a factor in building
trust. The term accuracy was mentioned by participants in this study and is assumed to refer to its
standard definition in machine learning and statistics, namely the proportion of correct predictions

(true positives and true negatives) among the total number of predictions.

P20 believed that accuracy is important when optometrists disagree with the Al It is projected that,
in case of disagreement with the Al diagnosis, high accuracy would make them reconsider their

diagnosis with more caution.
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Also, optometrists will cross-check the Al system’s diagnosis with their judgment over time to
form a perceived accuracy of the Al system, as noted from P11. However, the accuracy can also be

communicated by the Al model.

3.3.5.4 Perceived Consistency

Perceived consistency emerged as the fourth most frequently mentioned sub-theme within model
performance. For example, P2 highlighted the importance of the Al providing consistent analyses

across cases with similar clinical manifestations.

3.3.5.5 Perceived Input Quality

The input data quality is the fourth most frequently discussed sub-theme under model performance.
The quality of input data used to train the model is perceived as a trust building factor as noted by

P15.

“Now this current system [unimodal] is based on fundus images and that's
dependent on the technician or the person that's taking these photos. So, let's say,
they're not trained well, or the photo is off axis, there's a little bit of haze, give or

take, maybe there's a floater on top. That could skew the Al a little bit.”

(Quote from P15)

3.3.6 Familiarity Through Continued Use

Familiarity through continued use highlights how trust in the Al system is not always immediate but
develops gradually through repeated use and familiarity. While some optometrists (P3, P15, and P17)
expressed initial skepticism or hesitation, trust tended to increase as they interacted with the system
more frequently and became familiar with its outputs and behavior. For several optometrists (P2 and
P12), trust grew as they observed the Al making recommendations that aligned with their own
clinical judgment. The process of gaining experience with the tool, especially when it consistently
demonstrated accuracy and alignment with optometrists’ judgment played a critical role in
transforming early doubt into trust. This underscore repeated interaction and experiential learning as

key trust-forming factors in clinical decision support systems.

54



“Just based on the number of years of practice, there's a level of confidence that 1

can have for myself, and I guess if it's used over time and it seems to agree [with

me] more so then, it would increase my confidence.”

(Quote from P2)

“Personally, I would still want to just review the results myself just because I like

to review them. But if I did become familiar with the multimodal system and trust

it and that was fairly accurate, then I could see myself, not necessarily having to

3.3.7 Clinical Relevance

go through all the visual field, OCT results.”

(Quote from P11)

Providing expected clinically relevant output from Al system is another emerging theme in forming

trust in a glaucoma diagnosis Al system. It includes three sub-themes, which are actionability, trend

analysis and, system output expectation.

Table 14- Clinical Relevance -Emerging Theme

Theme Sub-themes Number of codes
Actionability 3
Clinical Relevance Trend Analysis 2
System Output Expectation 1
Total 6

3.3.7.1 Actionability

This sub-theme is the most frequently reported sub-theme within the clinical relevance theme.

Actionability is defined as the extent to which Al suggests practical action items that enhance patient

care or improve health outcomes.
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One optometrist (P6) stated that they find the Al system trustworthy if it provides
recommendations. Additionally, (P15) emphasized that not only the presence of recommendations but

also their perceived usefulness plays an important role in increasing trust.

Interestingly, an optometrist (P1) stated that a definitive diagnosis (either glaucoma diagnosed or
not diagnosed) is preferred over a suspect diagnosis. This preference may stem from the fact that a
definitive diagnosis allows the optometrist to act, whereas suspect cases usually do not require

significant intervention, highlighting the importance of the diagnosis’s actionability.

“Yeah, because the most important thing is the diagnosis. Anyone can call them a
suspect, but the most important thing is, is it correct? When we finally say it's
glaucoma or not.”

(Quote from P1)

3.3.7.2 Trend Analysis

Trend analysis sub-theme is the second most frequently reported sub-theme under the clinical
relevance theme. Trends are considered more important than individual data points, as noted by an
optometrist (P11), who stated that every patient has a baseline condition, and the Al should be able to
compare the current condition with that baseline to draw conclusions. Additionally, not accurately
reporting risk factor histories, such as previous hemorrhage, was identified by (P11) as a reason to

perceive the Al as untrustworthy.

“The three-drance hemorrhage history should probably be in risk factors, and if
it was, then that would probably equate to a trustworthy diagnosis for glaucoma.”

(Quote from P11)

3.3.7.3 System Output Expectation

This sub-theme highlights the expected output of diagnosis. One optometrist (P12) stated that a
differential diagnosis, such as distinguishing between melanoma and a birthmark freckle, would be an

interesting output for the Al system.
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“So, if there's a retinal lesion on a fundus, and the Al can give me differentials of
hey, is this a melanoma or is this something like just a birthmark freckle? I think

that would be mentally helpful to a lot of doctors.’
(Quote from P12)

3.3.8 Decision Philosophy

Optometrists indicated that the glaucoma Al system, designed as a screening tool, should prioritize
high sensitivity. Participants explicitly stated a preference for more false positives over false

negatives, emphasizing caution in decision-making (P12, P16). Two related statements were noted:
e Medico-legal risk: It is more defensible to be cautious than to miss a diagnosis (P12).

¢ Under-diagnosis and misdiagnosis are primary reasons for a lack of trust in Al-powered

clinical support screening tools (P12).

3.3.9 Self-Perceived Expertise

Self-perceived expertise captures how clinicians’ level of expertise influences their trust in the Al
system. An optometrist noted that less experienced clinicians might either second-guess themselves
excessively or place too much confidence in the system, potentially overlooking important clinical
judgment. This highlights the risk of disrupted clinical decision-making when the user lacks sufficient

experience.

“I think...if they [users] are over reliant or —I don't want to say expert, but in a
way, if they're not expert in their area— then this might open a can of worms
where they suddenly will self-doubt and become overly cautious about something,

or they become under-cautious about it.”

(Quote from P12)

An optometrist (P20) with limited experience in glaucoma diagnosis or interpreting OCT results
reported relying more heavily on the Al's recommendations. While Al can support decision-making,

it also raises concerns about overreliance, particularly if the system makes an error.
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3.3.10 Training

Due to the limited information about how the Al system operates, as reported by P12, training on its
use is seen as essential. Both P12 and P17 mentioned that training would likely increase trust. Maybe
by improving understanding of the system’s scope and functioning, which in turn could lead to

greater Al transparency.
“So, I can trust Al, but without proper training I can't.”

(Quote from P12)

3.3.11 Usability

Optometrists found the Al more trustworthy when it presented information in a condensed, well-
organized, and easy-to-read format. The clarity and neatness of the output were seen as enhancing

usability, leading to trust.

58



Chapter 4

Discussion

4.1 Overview

This chapter opens with an overview of the study objectives and research questions, followed by
responses to the research questions, a discussion of the study’s strengths and limitations, and

recommendations for future research.

The primary objective of this thesis is to examine the factors that shape trust in Al-powered
glaucoma screening tools and to propose design recommendations that enhance optometrists’ trust.
Building such trust is essential for supporting the adoption of these tools in clinical practice and
fostering their widespread integration into healthcare environments. Recalling from Chapter 2, the

research questions were as follows:

RQ1) What key factors influence optometrists’ trust in Al-powered clinical decision-support

systems (CDSS) for glaucoma screening?

RQ2) How do optometrists evaluate the performance of glaucoma-focused AI CDSS, and how do

those evaluations translate into varying levels of clinical trust?

RQ3) What design principles should guide the development of glaucoma AI CDSS to foster and

sustain optometrists’ trust?

4.2 Interpreting Key Factors Influencing Trust (RQ1)

To address RQ 1, I examined how optometrists envision the role of Al-powered glaucoma screening
tools within their clinical workflow and what conditions shape their trust in such systems. Each
following subsection corresponds to an emerging theme presented in detail in the results chapter and
begins with a summary of the key findings, followed by an explanation of why the factor matters, and

its potential interactions with other trust-related factors.

4.2.1 Expected Al Usage (Role Framing & Workflow Fit)

Optometrists consistently regard Al as a supplementary tool rather than an independent decision-
maker. This role takes two equally important forms. 1) as a flagging tool, drawing attention only to

suspicious test results that may indicate glaucoma early in the screening process. 2) Al serves as a
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second opinion support tool consulted after optometrists have formed their own conclusions. Both
forms appear with similar frequency, highlighting their equal significance in how optometrists

integrate Al into clinical practice.

Using Al as a supplementary tool is important because, in the author’s view, preserving final
autonomy for optometrists encourages more responsible use of Al, ensuring clinicians do not simply
defer to its outputs. Instead, they remain engaged and accountable for their joint judgments with Al
Supplementing human decision-making with Al also creates a complementary relationship: clinicians
can mitigate AI’s gaps, such as biases or limitations in handling complex patient cases, while Al can
draw attention to aspects of diagnosis that humans may overlook. In this way, both sides reinforce

each other.

Considering the two forms of Al use discussed earlier, the flagging of suspicious test results helps
clinicians better understand Al’s reasoning and directs their attention to areas requiring validation,
making the diagnostic process more efficient. However, an exclusive reliance on Al-flagged results
carries the risk that unflagged but clinically relevant findings may be overlooked. This underscores
the need for cautious Al systems that prioritize over-flagging in cases of uncertainty, thereby
minimizing the chance of missing suspicious results. The other form, in which Al is consulted after
optometrists have reached their own decision, appears safer, as clinicians are not influenced by the
Al’s diagnosis and can instead cross-compare their judgment with the AI’s output for additional

validation.

The flagging of suspicious test results leading to a AI’s final screening result can also be viewed as
a form of explainable Al, as it not only directs clinicians’ attention to specific areas but also makes

the system’s reasoning more transparent and interpretable in the screening process.

4.2.2 More Data (Relative Information Completeness)

It is widely acknowledged that Al systems drawing on multiple data sources (multimodal) tend to be
perceived as more trustworthy than those based on a single source (unimodal). In this study, trust in

unimodal systems ranged from outright distrust to cautious or conditional trust.

Optometrists don’t diagnose based on a single test in real life; they cross-reference multiple
modalities. A multimodal Al mirrors this workflow, making it feel more trustworthy because it

behaves more like a human expert. A unimodal system, by contrast, feels incomplete or

60



oversimplified. Even if the actual model performance of unimodal and multimodal is comparable,
Optometrists often perceive multimodal systems as more accurate, because combining data sources

suggests thoroughness and reduces the chance of missing important cues.

It is worth noting that information completeness is inherently fluid across different clinical
diagnostic and screening contexts, as it is shaped by the specific workflows and practices followed in

each clinical setting.

4.2.3 Decision Alignment (and the Concordance Gradient)

Decision alignment refers to how closely the AI’s output matches the optometrist’s clinical judgment
across five aspects: the final diagnosis, interpretation of decision inputs (normal/abnormal across
tests), identified risk factors, their relative importance, and recommended actions. We also introduce a
concordance gradient, the categorical distance between the Al’s diagnosis and the optometrist’s (see
results chapter, Section 3.3.3.1; diagnostic categories in Table 10). Alignment serves as a practical
validity cue, whereas misalignment raises concerns about calibration and safe use. To avoid
redundancy, we discuss empirical results regarding alignment and the concordance gradient in

upcoming Section 4.3 (RQ2).

4.2.4 Explainability & Transparency

Model transparency means showing how the Al reached its diagnosis: which risk factors contributed,
how much each influenced the final estimate, and what inputs were excluded due to poor quality or
unavailability. It also means providing granular interpretations of individual test results, even when a
result isn’t treated as a risk factor, so clinicians have full context. Finally, the system should explain
the rationale for any recommendations and link them to the underlying evidence and patient-specific
inputs. The quality of explanations which leads to model transparency, is dependent on how many of

the above-mentioned points are included.

Explainability builds trust by making the model’s reasoning inspectable. When clinicians can see
which risk factors were considered and how each was weighed, they can compare the AI’s logic with
their own diagnostic reasoning. If they disagree with the AI’s conclusion, they can audit each factor,
review the evidence, question the assigned weight, and identify missing inputs, to understand exactly
why the system reached that result. This ability to look into and compare reasoning increases trust and

clarifies when to accept, adapt, or override the AI’s diagnosis and recommendations.
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As also noted in Section 4.2.3, the same principle applies here: when optometrist’s assessments line
up with the Al-identified risk factors and their relative weights, trust in the system increases. That
agreement signals that the model is noticing the same clinical signals they are, which makes the
output feel accurate and useful. When there’s a mismatch, the system should make it easy to review

each factor. This quick compare-and-review loop helps calibrate trust over time.

4.2.5 Model Performance

In the study, several factors influenced how optometrists perceived and responded to the Al system
performance. Confidence scores varied visit by visit; for instance, the lowest score in the current
study (73%) triggered mixed reactions ranging from distrust to conditional trust, where validation by
the optometrist was deemed necessary. Perceived sensitivity referred to how effectively the Al could
detect subtle changes in test results that a human optometrist might overlook, which was valued as a
potential advantage of the system. Perceived accuracy developed gradually, as optometrists compared
the AI’s diagnoses with their own clinical judgments over time to assess how dependable it seemed.
Perceived consistency emphasized the need for the Al to deliver consistent results across analyses.
Finally, perceived input quality played a central role, as the Al’s trustworthiness was strongly linked

to the quality of the training data on which it was built.

Although accuracy and confidence scores are distinct performance metrics, they were often
interpreted in similar ways by optometrists. Accuracy reflects the overall correctness of the model
across many cases, while confidence scores indicate the model’s certainty in a specific instance. Yet,
both were used by clinicians as signals of trustworthiness. In situations where the AI’s output
conflicted with their own judgment, a higher reported accuracy or confidence score could prompt
clinicians to revisit their initial conclusions more cautiously. Perceived consistency was closely
associated with the expectation that identical inputs should always yield identical outputs. Without
such stability, screening outcomes may fluctuate unpredictably, thereby undermining optometrist’s

trust.

Perceived sensitivity was equally important, reflecting the expectation that Al could detect subtle
or early changes in test results more effectively than humans. Unlike human optometrists working
under time pressure and fatigue, the Al could scan large volumes of signals, benchmark them against
patient baselines and extensive reference sets, and do so consistently. This ability was seen as one of

its key advantages in supporting clinical practice.
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Finally, the perceived quality of the data that is used to train the system. Optometrists saw training
data as a proxy for the Al’s reliability and generalizability. If the dataset was biased or failed to
represent diverse patient populations, outputs risked being unstable or misleading, particularly for
underrepresented groups. In such cases, clinicians struggled to tell whether changes in results

reflected a real shift in patient status or merely artifacts of poor data quality.

Notably, the link between reported confidence scores or accuracy and alignment of decisions
revealed that optometrists placed greater weight on agreement with the diagnosis itself than on the

Al’s stated performance metrics as noted in Section 3.3.3.7.

4.2.6 Familiarity Through Continued Use

Trust in the Al system emerged over time, built through repeated use and growing familiarity rather
than forming instantly. While some optometrists were initially skeptical, their trust increased as they
saw the system’s outputs consistently align with their own clinical assessments. This process

highlights the importance of experiential learning and ongoing interaction in shaping trust.

Gradual trust-building is important because it fosters calibrated trust, allowing clinicians to discern
when to rely on the Al and when to question its outputs. This balanced trust helps reduce the risks of

over-reliance or misuse and supports the meaningful integration of Al into clinical decision-making.

Although multiple interactions appear important for building trust, the extent to which the number

of interactions influences this process remains unclear in this study.

4.2.7 Clinical Relevance

Trust is linked to clinical relevance, which encompasses actionability, trend analysis, and system
output expectations. Actionability refers to the extent to which Al provides definitive screening
output and practical recommendations that improve patient care. Trend analysis involves comparing a
patient’s current condition with their baseline over time to draw meaningful conclusions. System
output expectations relate to the AI’s ability to differentiate between diagnoses when two conditions

present with similar signs and symptoms.

The system’s components and outputs should align with clinical practice to strengthen
optometrists’ trust. In clinical settings, data points alone add little value unless they include baseline
information and are tracked over time. Regarding actionability, data-driven insights are only

meaningful if the Al provides a clearer diagnosis and practical, well-supported recommendations for
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next steps, along with an explanation of why those actions are suggested. Finally, a comprehensive
screening tool that can differentiate between conditions with closely overlapping clinical
manifestations will better reflect real patient—optometrist interactions and more closely resemble daily

practice.

Explaining why a recommendation is suggested as the next action item directly relates to
explainable Al, too, as discussed in the Section 4.2.4. Providing this rationale helps clinicians better

understand and accept the recommendations, thereby increasing the system’s perceived actionability.

4.2.8 Decision Philosophy (Screening vs Diagnostic)

A fundamental principle in clinical practice is that a system’s priorities must align with its function.
Screening systems are optimized for high sensitivity (recall), designed to cast a wide net and capture
all potential cases. This minimizes false negatives, the most critical error in a screening context, while
accepting a higher false-positive rate as a deliberate trade-off to ensure suspected cases proceed to
further testing. In contrast, diagnostic systems prioritize specificity to confirm disease and avoid

unnecessary interventions.

Our glaucoma screening system reflects this cautious philosophy, which emphasizes that false
positives are more acceptable than false negatives. Their views also underscore that caution is more
defensible from a medico-legal perspective and that under-diagnosis or misdiagnosis can undermine
trust. By aligning the AI’s decision-making with the cautious-by-design role of screening tools, the

system builds professional trust and demonstrates clinical responsibility.

In simpler terms, when the system is uncertain, it will classify the case as positive rather than risk
overlooking a potential condition by classifying it as negative. This cautious approach aligns with
clinical expectations for screening systems, which aim to identify all possible cases for further

evaluation rather than provide definitive diagnoses.

Our discussion of sensitivity also aligns closely with the discussion of perceived sensitivity as a

performance metric in Section 4.2.5.

4.2.9 Self-Perceived Expertise and Overreliance Risk

Less experienced clinicians may either doubt their own judgment excessively or rely too heavily on
the system. For instance, in the current study, a participant with limited experience in glaucoma

diagnosis described depending heavily on the AI’s output. This underscores the risk of flawed
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decision-making, particularly when users with limited experience rely on Al outputs that may contain

€ITOr1S.

When the Al output carries high uncertainty, the risk of overreliance becomes more critical and
should be taken seriously. While perceived model performance, communicated through performance
metrics, can support trust, users must also remain aware of their own level of expertise. Decisions
should be guided by both the model’s performance indicators and the user’s self-assessed

competence, prompting a more cautious approach when either is lacking.

4.2.10 Training

Optometrists highlighted that adequate training is essential for fostering trust in the Al system. They
observed that trust grows when users are well-informed about how to operate the tool, whereas

limited understanding of its functionality was viewed as a barrier to trust.

Proper training ensures that clinicians understand both the capabilities and limitations of the Al
system. Without knowledge, optometrists may either over-rely on the system without critical
evaluation or dismiss it entirely out of uncertainty, both of which undermine safe and effective use.

Training therefore helps calibrate trust, striking the right balance between reliance and skepticism.

4.2.11 Usability

Optometrists considered Al more trustworthy when information was delivered in a clear, structured,
and concise manner. In a fast-paced clinical context it is important to be mindful of the importance of
lowering the mental workload by providing to the point statement while maintaining the important

information.

4.3 How Performance Evaluations Translate to Trust (RQ2)

This section addresses RQ2: “How do optometrists evaluate the performance of a glaucoma-focused
Al CDSS, and how do those evaluations translate into varying levels of clinical trust?” It describes
how clinicians assess the system and how those assessments map to trust. The core signal considered

is decision alignment, the fit between the AI’s outputs and optometrist’ judgments.

Agreement is multifaceted: it refers to the degree of alignment between the Al’s output and
optometrists’ clinical judgment, and it depends on whether agreement is present, how extensive it is

within a single visit, how often it occurs across different patient visits, and which specific aspects it
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concerns. In practice, several aspects of agreement matter. First, agreement with the AI’s final
diagnosis is central (the extent of this agreement is discussed below); when the system reaches the
same clinical endpoint as optometrists, trust tends to rise. Second, agreement on decision inputs, for
multimodal Al, whether normal/abnormal calls across tests match the optometrists’ reading, signals
that the model has taken in the big picture. Third, agreement on risk factors indicates the Al is
attending to clinically significant abnormalities rather than noise. Fourth, agreement on the
importance (weighting) of risk factors shows the Al is calibrated to place appropriate emphasis on
what clinicians consider most consequential. Finally, agreement on recommended actions makes

the system feel useful and safe to follow, because next steps align with clinicians’ plans.

The extent of agreement also matters. Accordingly, this thesis introduces a concordance
gradient, a scale for the categorical distance between the Al’s screening output and the optometrist’s
screening output (Section 3.3.3.1; diagnostic categories in Table 10). Because optometrists may place
the same case in different categories in real-world practice, the gradient should be interpreted as an
approximation rather than an absolute measure. As summarized in Table 10, cell sizes for each
disagreement level were small; accordingly, the observed patterns are suggestive rather than
conclusive. For one-degree disagreements (n = 4), two cases were judged trustworthy and two were
less trusted or hesitant. For two-degree disagreements (n = 3), two were untrustworthy and one was
less trusted. For the single three-degree disagreement (n = 1), trust was hesitant. These observations
tentatively suggest that trust declines as disagreement widens, but the sample is underpowered to
establish a clear trend. Some disagreement is tolerable: in real-world settings, optometrists may assign
the same case to different diagnostic categories. A targeted, adequately powered study focused on

disagreement magnitude is needed to test this relationship more robustly.

Overall, trust tracks agreement more than confidence scores: when the AI’s conclusions align
with optometrists * judgments, clinicians tend to rely on the system; when they diverge, optometrists
defer to their own judgment rather than the Al’s self-reported confidence score. A disagreement over
a single patient visit likely lowers trust, but the size of that decrease and its downstream effect on

adoption cannot be determined from this study.

4.3.1 Decision Ladder Analysis

A decision ladder was applied to decision-making process in glaucoma screening with Al support,

examined through the lens of performance alignment between the Al and optometrists. Decision

66



ladder methodology was explained in Section 2.7.2. The adapted ladder maps the sequence of
cognitive activities involved when optometrists interact with Al-generated outputs, progressing from

the initial alert activation to the execution of procedures.

The left side of the ladder represents information-driven reasoning, where optometrists interpret
patient data, observe the Al’s diagnostic output, and compare it with their own judgment. This
process includes reviewing patient test results and medical history to form their diagnosis, as well as
examining the Al’s final diagnosis and its underlying reasoning, such as decision inputs, risk factors,
confidence scores, and recommended actions. After gathering information, optometrists compare
their own diagnostic judgment with the Al’s output to identify agreement aspects (highlighted in red

in the figure).
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medico-legal defensibility

+ Wanting highly cautions approach in
glaucoma sereening

« Desire for timely, efficient care

» Trusting the Al system
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= High extend of agreement in a single visit
(concordance gradient, ideally one-degree)

Whether to follow or disregard: @ @
+ the AT's recommendation 02
= High number of overall agreement on final

+ Al's final diagnosis Predict
Consequences N . N N Lo
diagnosis across multiple patient visits
"Target’
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Define Task
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+ Observe Al's diagnosis
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fundus interpretation, while disregarding
the final diagnosis due to the lack of
multimodal data.

Execute

+ Al's reported confidence score

Figure 13- Decision Ladder, Analyzing Decision Making from the Lense of Performance

Alignment

The upper part of the ladder depicts reflective evaluation, where clinicians assess whether using
the Al system’s outputs, including its final diagnosis and recommendations, to enhance diagnostic

accuracy, workflow efficiency, and clinical defensibility.
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The right side of the ladder represents the planning and execution phase, where optometrists
define their course of action based on the chosen goal, trusting a safe and efficient Al tool. At this
stage, clinicians want the Al system’s reasoning and outputs to align with their own diagnostic
practice, which serves as the foundation for building trust. Based on this alignment, they plan how

to proceed with the co-diagnosis process in collaboration with the Al.
Two procedural pathways are illustrated.

1. Procedure one: Optometrists may validate only Al-identified suspicious test results while
omitting normal ones to confirm the Al’s final diagnosis or validate all Al test result
interpretations. This strategy is typically applied in multimodal Al systems and depends on

the established level of trust between the clinician and the system.

2. Procedure two: Optometrists evaluate all test results and validate the Al’s fundus
interpretation while disregarding the system’s final diagnosis when only unimodal fundus

data are available.

Leap 1 occurs when the optometrist recognizes that the Al system is unimodal, focusing solely on
fundus photographs. This recognition triggers the second procedure and allows the clinician to
bypass several intermediate steps, as glaucoma screening in practice is inherently a multimodal
process that extends beyond fundus imaging. Although, in the traditional Decision Ladder
framework, such shortcuts are typically taken by experts with extensive experience, in this study the
identified leap could be made by optometrists regardless of their level of expertise. Participants
consistently agreed that a multimodal Al system would be more useful and trustworthy, as it better

reflects real-world clinical reasoning and diagnostic completeness.

Overall, this model demonstrates that Al-assisted decision-making in glaucoma screening involves

a dynamic interplay between the Al’s screening output and the optometrist’s interpretation of
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patient information. It highlights that optometrists’ trust is not static but evolves through ongoing

comparisons of agreement between the Al’s conclusions and their own screening judgments.

4.4 Design Principles (RQ3)

This section addresses RQ3: “What design principles should guide the development of glaucoma Al
CDSS to foster and sustain optometrists’ trust?” It translates the identified trust-forming factors into
concrete design requirements for the next generation of CDSS in glaucoma screening and presents the

following requirements.

4.4.1 Al diagnosis Validation and Override Mechanisms

The system shall be designed to reinforce accountability by ensuring that optometrists remain the
ultimate authority in the diagnostic process. Al outputs should not be presented as final conclusions;
rather, the system should require explicit optometrists review of the test results and other clinical
information and confirmation before a diagnosis is accepted. In addition, the system shall provide
clear mechanisms for optometrists to validate, override, or reject Al diagnosis and test result

interpretation, thereby supporting professional judgment and maintaining clinical responsibility.

4.4.2 Cautious Flagging Strategy

To minimize the risk of missed suspicious test results in the context of glaucoma screening, the
system should adopt a cautious flagging approach that prioritizes sensitivity over specificity when

uncertainty arises.

4.4.3 Comprehensive Review of Test Results

The system should encourage clinicians to review all test results, whether flagged by Al or not. This
design prevents over-reliance on the flagging mechanism and ensures that unflagged results, some of

which may still contain clinically relevant information, are not disregarded.

4.4.4 Integration of Multimodal Data into Diagnosis

The system should integrate and present results from multiple diagnostic modalities (e.g., OCT,
fundus imaging, visual fields, and patient history) rather than relying on a single source. When
generating outputs, the system shall display how each modality contributed to the diagnosis, this

integration should mirror established clinical practice, where clinicians cross-reference multiple tests
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before making a judgment. Presenting multimodal evidence not only improves diagnostic robustness
but also enhances clinician trust by demonstrating that the Al considers the broader clinical picture. If
only unimodal data are available for a given case, the system should flag this limitation clearly so that

clinicians understand the increased uncertainty and can adjust their reliance accordingly.

4.4.5 Per-Visit Presentation of Model Performance

The system should present a confidence score for each individual visit, expressed as a percentage
(e.g., “73% confidence™). This score must be displayed alongside the AI’s output for that specific
patient encounter. To avoid presenting it as a raw number alone, the confidence should also be
categorized (e.g., “medium confidence”) and color coded, with green indicating high confidence,
amber indicating medium confidence, and red indicating low confidence. The cut-off ranges for low,
medium, and high categories should be determined empirically through user studies, since evenly

distributed thresholds may not accurately reflect users’ perceptions of confidence levels.

4.4.6 Presentation of Model Performance during Onboarding

During onboarding, the system should provide clinicians with a clear overview of its key performance
characteristics to support informed use. It should display an overall accuracy metric (e.g., “validated
accuracy: 92% on test dataset”) so that optometrists understand the model’s general performance
independent of individual cases. Consistency should also be emphasized by ensuring the system
consistently returns the same output when identical inputs are provided; this property should be
explicitly stated in the onboarding documentation (e.g., “The system produces stable results for
repeated identical inputs”). Sensitivity rates must be disclosed as well (e.g., “sensitivity: 88% for
detecting early glaucoma changes”), with an emphasis on the model’s ability to detect subtle or early
changes more reliably than human optometrists working under time pressure. Communicating both
the numerical sensitivity rate and its comparative advantage highlights the added clinical value of the
system. Finally, transparency on input data quality is essential: onboarding should include a
structured summary of the data sources used for model training (e.g., electronic health records,
imaging datasets), the cohort coverage (e.g., demographics, geography, disease representation), and
the curation methods applied (e.g., cleaning, labelling, handling of missing values). Known gaps or
biases, such as the underrepresentation of specific populations or rare conditions, must also be
disclosed to help clinicians judge the limits of generalizability and determine when greater caution is

warranted in interpreting Al outputs.
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4.4.7 Binary Diagnostic Output

The system shall provide only two possible outcomes, “No Glaucoma” or “Glaucoma Positive”, to
reduce diagnostic uncertainty and align with clinicians’ preference for clear, actionable outputs. To
prevent misclassification at the decision boundary, the operating threshold separating these two
outcomes shall be configurable and calibrated to local clinical practice. A study is required to define a
clearer, evidence-based cutoff line for distinguishing “No Glaucoma” from “Glaucoma Positive”

cascs.

4.4.8 Guideline-Based Recommendations for Next Course of Action

The system should provide recommendations for the next course of action, based on widely accepted
guidelines to ensure greater acceptability by optometrists, and each recommendation should be

referenced to its source to enhance credibility.

4.4.9 Graphical Visualization of Quantifiable Test Results

The system should use graphical representations to plot quantifiable test results. These graphs should
display longitudinal data over time, enabling clinicians to quickly determine whether a patient’s
results are stable, improving, or deteriorating. Visual indicators, such as threshold lines, should
highlight values that exceed clinically significant cutoffs. This approach reduces cognitive workload,
supports faster decision-making, and strengthens the connection between raw test data and diagnostic

decisions.

4.4.10 Differential Diagnosis with Comparative Explanations

The system should be able to differentiate glaucoma from common look-alike conditions by
generating a ranked list of possible diagnoses, ordered by their estimated probability. For each
condition, including glaucoma, the system should present both supporting evidence that explains why
the condition is plausible and counterevidence that explains why it may not apply. These “why/why
not” explanations should be displayed side by side within the diagnosis panel, allowing clinicians to
directly compare glaucoma with alternative conditions and better understand the reasoning behind the

system’s output.
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4.4.11 Model Output Transparency: Risk Factors, Data Gaps, and Actions

The system presents all Al-identified risk factors with normalized weights in the final diagnosis, not
only the top-weighted factor, so users can verify that even the lowest-weighted factors were
considered. It also surfaces any inputs the model excluded due to missing or low-quality data,
labeling each item with the exclusion reason (e.g., missing value, low quality) and a suggested
remediation (e.g., order the missing test, repeat the measurement, or request manual review). The
final-diagnosis section includes the following disclaimer: “[Test Name] is [missing/low quality] and
was excluded from the model.” For each recommended next step, the system provides concise

reasoning and cites its source (e.g., a well-accepted clinical guideline) in a tooltip.

4.4.12 Sensitivity-Oriented Design for Screening Systems

The system shall disclose its validated sensitivity rate (e.g., “sensitivity: 88%”) as part of the
onboarding module. Sensitivity shall be highlighted as a core performance metric, reflecting the
screening tool’s primary objective of minimizing false negatives. The interface shall communicate
that higher sensitivity has been intentionally prioritized, even at the expense of more false positives,

to align with the clinical expectation that screening systems adopt a cautious approach.

4.4.13 Communicating Al Limitations and Safeguards

The interface should include a clear disclaimer stating that the Al may contain biases, may not
generalize across all patient cohorts, and may overlook comorbidities that contribute to the broader
context of glaucoma diagnosis. It should emphasize that Al is a support tool rather than a replacement
for clinical judgment, and that clinician validation is required. When the system identifies the user as
a novice or when the AI’s confidence score falls below a defined threshold, the system should prompt
users to interpret the output with extra caution. Such prompts are essential, as this thesis has
highlighted concerns about overreliance on Al diagnoses and recommendations, particularly among
less experienced clinicians, who may accept system outputs uncritically or overlook contradictory
clinical cues. Further controlled studies are required to determine the threshold that differentiates
novice from expert users, as well as to define appropriate confidence score limits that would trigger
cautionary prompts emphasizing the importance of critical interpretation rather than blind reliance on

Al outputs.
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4.4.14 Structured Onboarding and Educational Support

The system should incorporate structured onboarding training and ongoing educational support.
Onboarding should familiarize users with the system’s intended role, core functionalities, and
limitations, while also clarifying how Al outputs are communicated. This includes guidance on
interpreting outputs such as suspicious level, confidence scores, decision factors, and
recommendations. Clear explanation of what is included, excluded, or simplified in the Al outputs is
essential to ensure appropriate interpretation and prevent misinformed use. Educational support
should extend beyond initial training, offering accessible resources and refreshers that reinforce

appropriate use over time.

4.4.15 Parallel Trial Use in Low-Pressure Settings as a Trust-Building Strategy

To foster calibrated trust and ensure safe integration into clinical practice, the system should include a
structured trial phase prior to full implementation. In this phase, clinicians would first make their own
diagnostic decisions and then review the AI’s output in parallel, allowing them to compare judgments
without being biased by the system. The trial should occur in a low-pressure, non-urgent
environment, where clinicians have sufficient time to reflect on and familiarize themselves with the
system’s behavior. By experiencing repeated interactions in this controlled setting, clinicians can
build trust gradually, calibrate their reliance on the Al, and better understand both its strengths and

limitations before depending on it in real-world, time-sensitive cases.

4.4.16 Concordance Gradient Computation and Caution Cues

The system should compute a non-negative integer distance between the Al’s diagnostic category and
the clinician’s selected category. For larger degrees of disagreement (e.g., >2), the system should
display a non-blocking caution cue and provide a short prompt encouraging the optometrist to review

key risk factors.

4.4.17 Structured and Concise Information Presentation

The system should present information in a clear, structured, and concise format, particularly in
relation to explanations, so that clinicians can quickly grasp key insights without being distracted or

burdened by clutter or unnecessary detail.
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4.5 Strengths and Limitations

4.5.1 Study Strengths and Key Contributions:

A central strength of this study is the use of real-world patient cases which inherently capture the
complexity, variability, and noise that define clinical practice. Unlike synthetic cases, which are often
simplified or idealized, authentic patient records capture the full spectrum of challenges clinicians
actually face, such as comorbidities, incomplete documentation, atypical disease presentations, and
measurement issues. These factors introduce uncertainty into decision-making, and evaluating the
interface’s trustworthiness under such conditions provides a more accurate assessment of its practical

utility.

Another strength lies in our direct focus on trust. Prior work often investigates trust through
proxies such as reliance and confidence [115], although these concepts are related, they differ in
definition. Trust is generally defined as a willingness to accept dependence on another while
acknowledging vulnerability [68], Confidence denotes the conviction that a given decision or
statement is accurate, based on the evidence at hand [116]. Reliance can be understood as the
behavioral manifestation of trust; we choose to rely on someone only when trust is already
established, making trust a prerequisite for reliance [117]. In this study, however, we explicitly asked
participants about trust itself, focusing on direct trust rather than relying on proxies. This approach
strengthens the accuracy of our findings by more clearly capturing the factors involved in trust

formation, which we highlight as a key strength of this work.

The study also distinguishes itself as a multi-factor investigation that extends beyond
explainability, the dimension most emphasized in trust research. Instead, we examine the full set of
trust drivers and translate them into design requirements for the next generation of glaucoma
screening CDSS. This comprehensive approach strengthens the applicability of our results by

connecting trust-related insights directly into design practice.

Another key strength of our study lies in its rigor methodology: every transcript was independently
coded by two researchers and then cross-compared, with a third person resolving any disagreements.
This consensus-driven process reduces individual coder bias, something not typically seen in

qualitative research, making our methodology substantially more robust and credible.
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Finally, the study reveals unique trust drivers in the context of glaucoma CDSS, some of which

include:

- Differential diagnosis of similar conditions: The AI’s capability to distinguish between
potential diagnoses when two or more conditions share overlapping signs and symptoms with

glaucoma.

- Transparency on excluded inputs: Presenting to the user which inputs were excluded due to
poor quality or unavailability (e.g., missing or low-quality data) as part of the model’s

explanation strategy at the point when the Al provides its diagnosis.

- Screening model design requirements: Incorporating an over-cautious approach in
screening models by prioritizing false positives over false negatives, consistent with clinical

expectations for safety in early detection in screening tools.

- Agreement concordance as a trust driver: Introducing concordance between clinician
judgment and Al output as a factor influencing trust. While not previously highlighted in
glaucoma-related trust studies, it has been noted rarely in other CDSS use cases while

discussed outside healthcare contexts.

4.5.2 Limitations

The data for this study was drawn from Faisal Ghaffar’s PhD dissertation, which he independently
designed and conducted. Accordingly, the author of the present thesis was not involved in the study’s

design, participant recruitment, or interview process.

Although the distribution of participant characteristics has been described in Section 3.2, it is
important to note its implications as a limitation. The skew toward women, earlier-career clinicians,
and those with lighter glaucoma exposure means that the findings may not fully generalize to the

wider optometrist population, particularly more experienced practitioners.

All participants were recruited from the School of Optometry at the University of Waterloo, which
may introduce limit representativeness of the wider optometrist population beyond University of
Waterloo School of Optometry. Because of Waterloo’s strong technological orientation, participants
in this study may have had greater prior exposure to integrating digital tools into their clinical
practice. Consequently, the findings may not be fully generalizable to optometrists in other regions,

especially those working in rural or resource-constrained environments. In addition, the sample size is
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small; however, given that the study is qualitative, the focus is on depth of insight rather than

statistical generalizability.

A further limitation relates to the study design. The research was conducted using a mock interface
rather than a fully operational Al-based clinical decision support system. Participants interacted with
a simulated environment rather than a functioning model supported by real patient data, which may
influence the way trust is perceived. The findings, therefore, may differ from those obtained in studies
where clinicians engage with an actual working system in real-world practice. In addition, the study
was cross-sectional in nature: participants engaged with the interface during a single two-hour
interview. Longitudinal studies involving repeated interactions over time may yield different insights,

as perceptions and trust in Al systems are likely to evolve with continued use.

4.6 Future Work

Several avenues for future research arise from the limitations identified in this study. First, expanding
participant recruitment beyond the School of Optometry at the University of Waterloo would help
mitigate selection bias and improve the representativeness of the findings. Including optometrists
from diverse geographic, institutional, and practice settings would strengthen the generalizability of
results. Increasing the sample size would also allow for more robust comparisons across subgroups,

such as levels of experience or glaucoma exposure.

Second, subsequent studies should employ a fully functional Al-based clinical decision support
system integrated with real patient data. Such an environment would provide participants with more

authentic interactions and allow researchers to assess trust under conditions closer to clinical practice.

Third, adopting a longitudinal design would be valuable. Repeated interactions with an Al system
over an extended period could capture how clinicians’ perceptions and trust evolve with familiarity

and continued use, offering insights that cannot be obtained from single-session studies.

Fourth, the literature review indicates that approximately 89% of publications measure trust in Al
using questionnaires [118]. These are often self-developed instruments or single-item questions, many
of which lack rigorous validation, making it difficult to compare results across studies [119]. At
present, there is no validated trust questionnaire specifically tailored to the healthcare domain. A
commonly used questionnaire, the Trust Between People and Automation (TPA) scale [120] is

applied in the context of AI-CDSS but do not capture the full range of trust dimensions identified in
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this thesis. Prior studies on trust in Al-based clinical decision support systems similarly underscore

the need for a comprehensive, domain-specific questionnaire.

Fifth, a future study should investigate adaptive caution prompts in Al-based decision support
systems. Specifically, when the system identifies the user as a novice or when the AI’s confidence
score falls below a defined threshold, the system should prompt users to interpret the output with
extra caution. Controlled experiments will be needed to (1) establish objective criteria for
distinguishing novice from expert users and (2) determine appropriate confidence score thresholds.
These investigations will help ensure that caution prompts are both meaningful and calibrated to user

expertise and system reliability.

Sixth, as noted in Section 1.4.2.4, general familiarity with Al leads to a lower likelihood of
following AI-CDSS recommendations, which in turn affects adoption through its influence on trust.
However, the question remains whether this familiarity is related to negative experiences with Al. If
so, the extent to which such negative experiences influence trust in AI-CDSS recommendations
remains uncertain. This factor was not examined in the current study, as it was beyond its scope. It is
therefore recommended that future controlled experiments investigate how negative prior experiences

with Al might affect the adoption of Al-based CDSS.

And finally, A targeted, adequately powered study focused on the magnitude of disagreement is

needed to rigorously evaluate the relationship between the extent of disagreement and trust.
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Appendix A

Participants’ Demographic Related to Experience:

Participant years of Average Number of Average Glaucoma

D Gender practicing as an Patients Seen per Patients Screened per
optometrist Week Week

P1 Woman 5 years 40-50 Approximately 7-8

P2 Man 11 years 75 10

P3 Man 15 40 5

P5 Man 1.5 90-100 2-4

P6 Man 1 100 20

P7 Woman 10 25 4

P8 Trans/NB 1 100 20

P9 Woman 5.5 47 1

P10 Man 0.66 80 10

P11 Woman 1 65 10

P12 Man 18 80 10

P13 Woman 1 50-60 2-5

P14 Woman <1 35-40 5

P15 Woman 1 about 50 - 70 10

P16 Man 25 70 20

P17 Woman 6 months 60 10

P18 Woman 5 40 <1

P19 Woman 2 40 6

P20 Woman 25 8 0
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Appendix B

Information Letter 1:

Information letter for individuals who are known to Dr. Nadine Furtado
University of Wateroo 04-11-2023

Dear Dr. ABC:

This letter iz an invitation to parficipate in a 1505 remunerated research study entiled Glaucoms dizgnosis
decizion vanations with accuracy and dafs modalities of Al sysfems. This study is conducted by Faisal
Ghaffar (a PhD student af system engineering design depariment) and supervised by Dr. Catherine Burns
{Executive Director, Health Inifiatives and Spensored Research) and Dr. Madine Furiado (Head of the
Ocular Disease semvice).

The purpese of this study is to examine how glaucoma diagnosis decigion, trust and user accepiance varies
when optometrist feam up with Al systems that use different data modalities and have different accuracies.
During the study. you will be asked to review patient records using a think-aloud protocol. At the same time,
you will be asked to review Al system oufpuis that contain the system diagnosis decizion. You will be
presented with either OCT data of patients, fundus images, complefe patient data or a combinaticn of any
of these. At the end of each patient record review, you will be asked some questions related to your
decision. In this exercise, you will be reviewing at least 2 patient records with 4 different Al interface varianis.
This will take approximately 1 and a half hours = 20 minutes. As a token of appreciation for your
participation, you will receive a remunerafion of 3150 for completing the intervew and pro-rated
remuneration {375/ hour) based on time spent, if you wish to leave the study early.

With your permission, the study will be recorded to facilitate the collection of information. The researchers
will analyze the video recording for glaucoma decision analysis. During the sfudy, you may decline fo
anzwer any of the guestions and/or share your persenal information. Further, you may withdraw from this
study &t any time by advising the researcher. If you decide to withdraw, we will erase the video recording
and the responses that were given during the study.

We are flexible fo have an online or physical session. The onling interview will be carried out on Microsoft.
ou will be participating in a study that uses Teams or the Zoom platform. Both platforms have implemented
technical, adminisirative, and physical safeguards to protect the information from loss, misuse, and
unauthorized access, disclosure, alteration, or destruction. However, no Internet fransmission is ever fully
secure or ermor-free.

Your face will be recorded in both in-person and online inferviews. The face in the videos will be blurred for
anonymity purposes. After analysiz, the videos will be encrypled, and the recordings will be moved to a
secure compuier in Advance Interface and Design Lab where they will be safely stored with an anonymous
number. The recordings will be destroyed after it is transcribed, verified and when it's not needed anymore.
The recordings and franscripts will not be published or made public on any platform. ¥ our identity will remain
confidential amd your name or any other personal identifying information will not appear in any research
papers or any publicaficns resulling from this study. Any quotations from the interviews that will be included
in the publication will be anonymous. The consent form that you signed will be stored separately from your
anonymized study data. All records and transcribed data will be stored in AIDL lab securely for 7 years afier
which they will be destroyed according to University of Wateroo policy.

Paricipation in this study may not provide a personal benefit fo you but will advance our understanding of
teaming up an Al decision making system with cptometrizt. it will help us to design Al systemin such a way
that we minimize the risk associated with Al system deployment in critical environment. The risks involved
in participating in this study are minimal. If you feel discomfort or fatigue during the study, please let the
researchers know and we can stop the study or take a break at any time.

Thiz study has been reviewed and received ethics clearance through a University of Waterloo Research
Ethicz Board (REB #45248). If you have quesfions for the Board, contact the Office of Research Ethics,
toll-free at 1-833-643-2379 (Canada and USA), 1-519-335-4440, or reb@uwatedoo.ca. For all other
questions regarding this study, orif you would like addifional informaticn fo azsist you in reaching a decision
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about paricipation, please contact us al f2ghaffa@uwateroo.ca, nfudado@uwalerdoo.ca, or
cdbums@uwateroo.ca.

We very much look forward to working with you and thank you in advance for your assistance in this project.

Your Sincerely,

Faizal Ghaffar

Faizal Ghaffar, B.5c., M.Eng,
Ph.D. Candidate

Advanced Interface Design Lab,
Systemns Design Engineering,
University of Waterloo, Canada
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Appendix C

Information Letter 2:

Information letter for unknown optometrists:

University of Waterloo 04-11-2023

Dear Dr. ABC:

Thiz letter iz an invitation to parficipate in a 1503 remunerated research study entifled Glaucoms disgnosiz
decision varations with accurscy and dafs modalities of Al sysfems. This study is conducted by Faisal
Ghaffar (a PhD student at system engineering design depariment) and supervised by Dr. Catherine Burns
{Executive Director, Health Initiatives and Speonsored Research) and Dr. Madine Furiade (Head of the
Ccular Disease senvice).

The purpose of this study is to examine how glaucoma diagnesis decizion, frust and user accepiance varies
when optometrist team up with Al systems that use different data modalities and have different accuracies.
Dwring the study, you will be asked to review patient records using a think-aloud protocol. At the same time,
you will be asked fo review Al sysfem outpuis that contain the system diagnosis decizion. ou will be
presented with either OCT data of patienfs, fundus images, complete patient data or a combinafion of any
of these. At the end of each patient record review, you will be asked some quesfions related to your
decision. Inthis exercise, you will be reviewing at least 2 patient records with 4 different Al interface varianis.
This will take approximately 1 and a half hours £ 20 minutes. As a token of appreciation for your
participation, you will receive a remunerafion of 3150 for completing fthe interview and pro-rated
remunerafion (375 hour) based on fime spent, if you wish to leave the study early.

With your permission, the study will be recorded to facilitate the collection of information. The researchers
will analyze the video recording for glaucoma decision analysiz. During the sfudy, you may decline fo
answer any of the questions and/or share your persenal information. Further, you may withdraw from this
sfudy at any time by advising the researcher. If you decide to withdraw, we will erase the video recording
and the rezponses thal were given during the study.

We are flexible fo have an online or physical zession. The onling interview will be carried out on Microsoft.
ou will be participating in a study that uses Teams or the Zoom platform. Both platforms have implemented
technical, adminisfrative, and physical safeguards to protect the informafion from loss, misuse, and
unauthorized access, disclosure, alteration, or destruction. However, no Internet fransmission is ever fully
Securs or ermor-free.

Your face will be recorded in both in-person and onling interviews. The face in the videos will be blurred for
anonymity purposes. After analysis, the videos will be encrypied, and the recordings will be moved to a
secure compufer in Advance Interface and Design Lab where they will be safely stored with an anonymous
number. The recordings will be destroyed after it is transcribed, verified and when if's not needed anymore.
The recordingz and franscripts will not be publizhed or made public on any platform. Y ouridentity will remain
confidential and your name or any other personal identifying information will mot appear in any research
papers or any publications resulting from this study. Any guolations from the interviews that will be included
im the publication will be anonymous. The consent form that you signed will be stored separately from your
anonymized study data. All records and transcribed data will be stored in AIDL lab securely for 7 years afier
which they will be destroyed according to University of Wateroo policy.

Participation in this study may not provide a personal benefit fo you but will advance cur understanding of
teaming up an Al decision making system with cptometrist. i will help us to design Al system in such a way
that we minimize the risk associated with Al system deployment in crifical environment. The rizks involved
in participating in this study are minimal. If you feel discomfort or fatigue during the study, please let the
researchers know and we can stop the study or take a break at any time.

Thiz study has been reviewed and received ethics clearance through a University of Waterloo Research
Ethics Board (REE #452458). If you have questions for the Board, contact the Office of Research Ethics,
toll-free at 1-833-643-2379 (Canada and USA), 1-519-355-4440, or reb@uwaterdoo.ca. For all other
questions regarding this study, or if you would like additional information to assist you in reaching a decision
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about participation, please confact us al f2ghaffa@uwaterlooca, nfudado@uwaterdoo.ca, or
cdburmsi@uwateroo.ca.

We very much look forward to working with you and thank you in advance for your assistance in this project.

Your Sincerely,

Faizal Ghaffar

Faizal Ghaffar, B.5c., M.Eng,
Ph.D. Candidate

Advanced Interface Design Lab,
Systems Design Engineering,
University of Waterloo, Canada
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Appendix D

Study Brochure:

This brochure is for posting to various announcement boards and optometrist groups.

Join our research study and receive $150 for participating!

Title: Human decision variation with accuracy and data modalities of Al system

Are you an optometrist looking fo advance our understanding of teaming up Al decision-
making systems with optometrists for glaucoma diagnosis?

We invite you to participate in our research study, Glaucoma Diagnosis Decision
Variations with Accuracy and Data Modalities of Al Systems. This study aims to examine
how glaucoma diagnosis decision, trust, and user acceptance vary when optometrists
wiork with Al systems that use different data modalities and have different accuracies.

Study Details:

« You will be asked to review patient records using a think-aloud protocol.

= You will review Al system outputs that contain the system diagnosis decision.

« You will be presented with either OCT data of patients, fundus images, complete
patient data, or a combination of any of these.

= You will be asked questions related to your decision at the end of each patient
record review.

« You will review at least 2 patient records with 4 different Al interface variants.

«  The review and interview time will take approximately 1.5 hours (+- 20 minutes)
of your time.

= You will receive a remuneration of 3150 for completing the interview and pro-rated
remuneration ($75 / hour) based on time spent if you wish to leave the study early.

« We offer in-person or onling interview options.

« Your face will be recorded during the interview, but it will be blurred for anonymity
purposes.

This study has been reviewed and received ethics clearance through the University of
Waterloo Research Ethics Board (REB # 45248). If you have guestions for the Board,
contact the Office of Research Ethics, at 1-519-888-4567 ext 36005 or
reb@uwaterioo.ca.

To participate in the study or if you have any guestions, please contact:
» Faisal Ghaffar: f2ghaffa@uwaterioo.ca

« Dr. Nadine Furitado: nfurtado@uwateroo.ca
« [Dr. Catherine Burns: cdburns@uwateroo.ca

Thank you for your interest in our study!
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Appendix E

Demographic Questionnaire:

Demographic Questionnaire,

“ou may decline to answer any of the questions and/or share your personal information. Further, you may withdraw from
this study at any time by advising the researcher. If you decide to withdraw, we will eraze the responses that were given
during the study.

1. What gender do you identify as?

Man

Woman

Trans® / Mon-hinary

Prefer to self-identify (option to specify).
Prefer not to answer.

monNmEe

2. What is your age?"

20 - 30 years old

30 - 40 years old

40 -50 years old

S0- 60 years old
60+

Prefer not to answer

A A e o T+

3. Please specify your ethnicity.
A, Indigenous (First Mations, Inuit, Metis)
European
Asian (South, East, West)
African
Latin, Central and South American
Caribbean
Oceania (New Zealand, Pacific Islands)
Multiracial/ethnic (2 or more)
Prefer to self-identify:
Prefer not to answer

mErImmmoN®

4. What is the highest degree or level of education you have completed?”

A, Bachelor's Degree
B. Master's Degres
C. Ph.D.or higher
0. D. Prefer not to say.

5. Do you have any specific glaucoma related degree/certificate or training?
Al Yes
B. No.

C. Prefer not to say

D. If yes, please give details.
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Appendix F

Feedback Letter:

Systern Design Engineering,
University of Waterloo
Oct 5, 2021

Dear Participant,

| would like to thank you for your participation in this study entitled "Human decision variation with accuracy
and data modalities of an Al system”. As a reminder, the purpose of this research is to find out any
differences in glaucoma pathways, how different pathways affect the diagnosis decisions taken by the
optometrist and finding significant differences in the decision-making process of expert and novice
optometrists.

The data collected during interviews will contribute to a better understanding and standardization of the
Glaucoma decision making process. It will provide a basis for automating the process of glaucoma
diagnosis and ultimately will pave a path for defining an explainable artificial intelligence framework.

This study has besen reviewed and received ethics clearance through a University of Waterloo Research
Ethics Board (REB #45248). If you have guestions for the Board, contact the Office of Ressarch Ethics,
toll-free at 1-833-643-2379 (Canada and USA), 1-519-885-4440, or reb@uwaterloo.ca

For all other questions contact Faisal Ghaffar at faizal shaffar@uwaterloo.ca

Your identity will be confidential. Once all the data are collected and analyzed for this project, | plan on
sharin? this information with the research community through seminars, conferences, presentations, and
journal articles. If you are interested in receiving more information regarding the results of this study, or
would like a summary of the results, please provide your email address, and when the study is completed,
anticipated by Feb 2022 | will send you the information. In the meantime, if you have any guestions about
the study, please do not hesitate to contact me by email as noted below.

Faisal Ghaffar
faisal.ghaffa waterloo.ca

Prof. Catherine Burns
catherine.burns@uwaterloo.ca

Advanced Interface design Lab,
University of Waterloo
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Appendix G

Consent Form:

UNIVERSITY OF

WATERLOO

CONSENT FORM

By agreeing to participate in this study, you are not waiving your legal rights or releasing the investigator(s)
or imvolved institution(s) from their legal and professional responsibilities. | have read the information
presented in the information letter about the study being conducted by Faisal Ghaffar for the project
Glaucoma pathways and diagnasis decision (Human decision variation with accuracy and data modalities
of an Al system ) Advance inferface design lab at University of Waterloo.

| have had the opportunity to ask any questions related to this study, to receive satisfactory answers to my
questions, and any additional details | wanted. | am aware that | have the option of allowing the study to be
audin'viden recorded to ensure an accurate analysis of my tasks. | am also aware that data collected during
the online study may be included in the project papers andfor publications to come from this research, with
the understanding that my identity will be kept anonymous.

This study has been reviewed and received ethics clearance through a University of Waterloo Research
Ethics Board (REB #45248). If you have guestions for the Board, contact the Office of Research Ethics,
toll-free at 1-833-643-2379 (Canada and USA), 1-519-888-4440, or reb@uwaterloo.ca

| was informed that | may withdraw my consent at any time during the study by informing the researchers
before publishing the research. For all other guestions contact Dr. Catherine Bums at email
catherine. bums@uwaterloo.ca.

With full knowledge of all foregoing, | agree, of my own free will, to participate in this study.
OYES ONO

| agree to have the study audiofvideo recorded.

OYES ONO

| agree to the use of anonymous quotations or data in the course project papers and any other publications
based on this research.

OYES ONO
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Appendix H

Semi-structured Interview Script:

Note: make sure interview is being recorded

Hello, I am Faizal Ghaffar {a PhD student in the system engineering desizn department). Along
with me is Yousuf Zia (an undergraduate student in system desizn engineering) both supervised
by Dr. Catherin Bums (Executive Director of health Initiatives and Sponsored Fesearch) and Dr.
Nadine Furtado (Head of the Ocular Disease Service).

Thank you for giving us your time for this interview.

The research study we are conducting is titled “Optometrist and Al Collaboration for Glaucoma
Diagnosis”. More specifically, we are exploring Human decision variation with accuracy and data
modslities of Al system

The purpose of this studv is to examine how optometrizts’ decisions, trust and Al svstem
acceptance vary when they interact with AT systems having different data modalities. During the
study, you will be asked to review patient records from the interface uzing think think-sloud
prcrmml,

At the end of each patient record review;, vou will be asked some questions related to your decision
znd will be asked to fill out 2 questionnaire related to frust and user acceptance. In this exercise,
you will be reviewing 2 patients each of which will have 2 different versions of AT systems. The
nterview will take approximately 2 hours +- 10 minutes.

With vour permission, the study will be recorded to facilitate the collection of mformation. The
researchers will analyze the audio recording for glaucoma decision analvsis.

During the study, vou may decline to answer any of the questions and/or share vour personal
information. Further, you may withdraw from this study at any time. If vou decide to withdraw,
we will erase the audio recording and the responses that were given during the study.

Please fill out this demographic questionnaire for us.

Demographic questionnaire

hitps:/ famyurl.com/DemographicQuest

To know about your view on Al systems Please fill out this questionnaire.

General user acceptance questionnaire

The same questions will be repeated.

You can now move to visit 3 and verbalize your thoughts shout this patient’s glaucoma statos. Thiz
system also uzes fimdus images to detect glancoma and provide reasoning and explanstion for itz
dacision basad on fundus images only.

The same guastions will be repeatad.

Please click on this link and submit your responses relsted to user acceptance of the Al system.
‘four participant nurnber is 11 and pleass select patient 1 unimodal in question 2

hittps/fuwaterkoo.cal gualtrics.com,/jfe/form,/5V_0j0GIEAjVIeuOpU

Please click on this link and submit your respenses related to user trust in the Al systam.
‘four participant nurnber is 11 and pleass select patient 1 unimodal in question 2

https://uwaterlon. cal. qualtrics.comy/ife/form/Sv_owsswvusHDoirans

2) 55072 Uni model
This Al system used here has an overall accuracy of 90% and uses only fundus images to detect
Elzucoma and provide reasoning and explanation for its decizion based on fandus images only.

https yurl.com ent2UniMod
Please stay on visit 1 and verbzlize your thoughts about this patient's glaucoma status.

Questions.
1) Is the diagnosis made by the AT system correct for this caze? Explain your response.
1) How helpful is this AT system in Glancoma decision-making? (scale 1-3). Explain how it iz
helpful.
3y Rpref:-ﬂ'Uur confidence in the AT system’s decizion for this caze (zcale 1-
What dizgnosiz would vou make for this case?
List in order of priority the risk factors and 'or testing results which vou considered in making
vour decizion.
&) Rate vour confidemce in your disgnesis for this caza (scale 1-3).
7y Do you agree with the grading assigned to risk severity (glancoma severity) by the AT
system? If not, how would you rate the rizsk severity (glancoms severity) for this caza?
8) Do vou agree with the conclusion and reconmmended action by the Al syztem? If not, what
is your conchision and recommendad action?
@) Would vou trust thiz AT system to be used in a clinical environment? Explain.

Cr

w: Do you think that thiz AT sy=stem should use more clinical data to make a diagnostic

ThmAL DD vou think that this AT syztem could use less clinical data to make 3 dizgnostic

12) What uumut ahould the AT system provide for vou to suppert the diagnostic decision so that
vou feal confident with the clinical dizgnosis?

You can now move to visit 2 and verbalize your thoughts ahout this patient’s glancama statas. Thiz
system also uzes fimdus images to detect glancoma and provide reasoning and explanation for its
dacision basad on fondus images only.

The same quastions will be repeatad.

You can now move to visit 3 and verbalize your thoughts ahout this patient’s glancama statas. Thiz
system also uzes fimdus images to detect glancoma and provide reasoning and explanation for its
deacision based on fundus images only.

The same quastions will be repeatad.

Plezse click on this link and submit your responses related to user trust in the Al systam.
‘four participant number is 12 and please select patient 2 unimadal in question 2

Plezse click on this link and submit your responses related to user trust in the Al systam.
‘four participant number is 12 and please select patient 2 unimadal in question 2

hittps/fuwaterloo.cal gualtrics.com,/jfe/form/5V_OwxGvuSHpojrAns

3) T0902 multimodal
This Al system used here has an overall accuracy of 90% and uses 2| data to detect glaucoma and
provide reasoning and explanation for its decizion baszd on 2l type of data marked with green.

hittps:/,tinyurl. comy/Patient1 Multimodal

Please stay on visit 1 and verbalize your thoughts about this patient's glaucoma status.

Questions.
1) Is the diagnosiz made by the AT system corract for this caza? Explain your response.

I am forwarding you the first interface link This interface has all the related data for glaucoma
dizgnosiz.

Yow'll see that the interface iz split into two distinct parts, on the left-hand pane thera’s 3 system
output, and the right-zide pane lets you access all_of the patient data. The patient dats i= divided
into 4 categories: their general informarion, imagery, OCT datz, and vimuzl fields par visit.
You can view each of these categories by clicking on the respactive header at the top of the pags.
Amy piece of information indicated with a green dot represents the fact that it was used i the
system decizion-making process, while a pink dot indicates that it was not All data that iz
highlightad in green iz used to create the system dizgnosis shown on the left pana.

1) 70902 Uni model

Thiz AT system usad here has an overall accuracy of 90% and uses only fimdus images to detect
glancoma and provide reasoning and explanation for its decision based on fandus images only.

hitpsz/,tinyurl. comy/PatientlUnitiodal

Plezse stay on visit 1 and verbalize your thoughts about this patient's glaucoma status.

Questions.

. Iz the diagnosiz made by the AT system comect for this case? Explain vour re

2. How helpful iz this AT system in Glancoma decizion-making? (scale 1-3). Explain hm\ itiz
helpful.

3. Fate vour confidence in the AT system'’s decision for this caze (scale 1-3).

4. What d.ugnm\wuld\‘uumakz for thiz caza?

5. List in order of priority the risk factors and or testing results which you considered in making

vour decizion.

Fate vour confidence in your dizgnosis for this casa (scale 1-3).

Do you agree with the grading assigned to risk saverity (glancoms severity) by the AT

svstem T If not, how would vou rate the risk severity (glaucoma severity) for this caza?

8. Do vou agree with the conclusion and recommended action by the AL system? If not, what

iz your conchizion and recommendad action?

e

9. Would you trust this AI system to be used in a clinical environment? Explain.

10, oo - Do you think that this AT system shonld nse more clinical data to make a dizenostic
decizion?

w- Do you think that this AT system could use less clinical data to make a dizgnostic
decizion?

12. What output should the AT syztem provide for vou ta support the diagnostic decision so that
vou feal confident with the clinical dizgnosis?

You can now move to vizit 2 and verbalize your thoughts ahout this patient’s glancama status. Thiz
system also uses fimdus images to detect glancoma and provide reasoning and axplanstion for its
dacision basad on fondus images only.
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https://uwsterloo.cal. gualtrics.com/ife/form/Sv OwxEvuEHpoirAns

4) 85072 multi modal
This Al system used here has an overall acouracy of 30% and uses all types of data to detect
glaucomz and provide reasoning and explanation for its decision bazed on all types of dats

marked with green.

https:/fwww figma comyproto/ QG 3vwEEyMhySksAkcll M,/ Patient-2-Multitiodal ?pags-

id=0%3a18&tvpesdesiznBnode-id=1-
230Bviewport=1265%2C75 238620022 &t=SmESvzfall HSCFW-1 Bscaling=scale-downgstarting -

point-node-id=1%342388show-proto-sidebar=1&mode=dasizn

Flease stay on visit 1 and werbzlize your thoughts about this patient's glaucoma status.

‘Questions.
13 Is the diagnosiz made by the AT system corract for this caze? Explain your response.

1) How helpful is thizs AT system in Glancoma decision-malking? (scale 1-5). Explain bow it iz
helpful.

3) Fare your confidence in the AT system’s decision for this cass (scale 1-5).

4) What dizgnosiz would vou make for this caza?

3} List in order of priarity the risk factors and'or testing results which you considerad in making
vour decizion.

) Fare your confidence in your dizsnosis for this cass (scals 1-3).

Ty Do you agree with the grading sssigned to risk severity (glaucoma severity) by the AT
system? [f not, how would vou rate the risk severity (glaucoma severity) for this caze?

3) Do you ezres with the conchizion and recommended action by the AT system? If not, what
iz your conchision and recommended action?

@) Would vou trust this AT system to be used in a clinical environment? Explain.
10) Do wou agres with the local explanations provided by the system?

11} =i - Do you think that thiz AT system should use more clinicsl data to make a disgnostic
decision?

12} e meonar Do youn think that this AT system could use less cliniczl data to make a diagnostic
decision?

13)What output should the AT system provide for vou to support the diagnostic dacision so that
vou feel confident with the clinical dizgnosis?

You can mow move to visit 2 and verbalize your thoughts shout this patisnt’s gleancoma statas. Thiz
Fystem alzo uzes all types of data marked with zreen to detect glancoma to detact zlancoma and
provide reasoming and explanation for its decizion based on fimdus images only.

The same questions will be repeated.

You can now move o visit 3 and verbalize your thoughts about this patient’s gleancoma stetas. Thiz
gystem also uses all oypes of data marked with sreen to detect glawcoma detect glaucoma and
provide reasoning and explanation for its decizion bazed an fimdus imazes anly.

The same quastions will be repeated.

Plezse click on this link and submit your responses related to user trust in the Al system.
four participant number is 14 and pleass select patient 2 Multimadal in guestion 2

hitps.//uwatertoo.cal gualtrics.com,

{formy/5v_0i0GIEAJVdeudpU

Plezze click on this link and submit your responses related to user trust in the Al system.
‘four participant number is 13 and please select patient 2 Multimodal in question 2

https-//uwaterlon.cal.quaktrics.com;,

fform,/SV owxEVUEHDOjrAns

{Can you describe how your interaction differed between the unimodal and multimedal systems In terms
afease of use and efficiency? For instance, did you find multitasking easier with one system aver the other
and winy?

How did your cognitive boad (the mental effort required) compare when using the unimedal versus the
multimodal system, and haow did this impact your overall satisfaction with each system®

In your experience, how did your level of ust in the accuracy and reliability of the unimodal system
corgare to the nmultimodal systam®

Reflecting on your experiznces with kath the unimodal and multimodal systems within a clinical decision-
making context, which system did you find mare conducive to supporting your diagnostic or treatment
decisions?
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