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Abstract

Healthcare professionals need effective ways to use, understand, and validate Al-driven clinical
decision support systems. Existing systems face two key limitations: complex visualizations and a lack
of grounding in scientific evidence. We present an integrated decision support system that combines
interactive visualizations with a conversational agent to explain diabetes risk assessments. We propose
a hybrid prompt handling approach combining fine-tuned language models for analytical queries with
general Large Language Models (LLMs) for broader medical questions, a methodology for grounding
Al explanations in scientific evidence, and a feature range analysis technique to support deeper
understanding of feature contributions. We conducted a mixed-methods study with 30 healthcare
professionals and found that the conversational interactions helped healthcare professionals build
a clear understanding of model assessments, while the integration of scientific evidence calibrated
trust in the system’s decisions. Most participants reported that the system supported both patient risk
evaluation and recommendation.

Keywords: clinical decision support systems; explainable Al; human-centered Al; conversational Al

1. Introduction

The integration of artificial intelligence (Al) into healthcare decision support systems has shown
promising potential for improving patient care and clinical outcomes [1-3]. However, the successful
adoption of Al systems in healthcare depends on healthcare professionals’ (HCPs) ability to understand,
appropriately trust, and effectively utilize Al-generated recommendations [4,5]. This is particularly
crucial in medical decisions, where Al systems are increasingly being employed to assist in diagnosis,
risk assessment, and treatment planning [6,7].

Clinical Decision Support Systems (CDSS) are software applications that assist healthcare profes-
sionals in clinical decision-making by providing patient-specific assessments and recommendations.
These systems analyze patient data through rule-based algorithms, statistical models, or machine
learning approaches to generate insights for improving care [8]. The healthcare professional’s workflow
with a CDSS encompasses several integrated steps : patient data is captured from electronic records or
direct entry; the system processes this information through analytical algorithms to generate clinical
insights; these insights are communicated via intuitive visualizations or summaries; clinicians then
evaluate these recommendations by comparing them with established medical knowledge and their
own expertise; and finally, they translate validated insights into specific clinical actions like diagnostic
procedures or treatment adjustments [8,9].

A barrier to the widespread adoption of Al in clinical practice through decision support systems
is the inherent complexity and opacity of Al decision-making processes [10]. In recent years, significant
advances have been made in explainable AI (XAI) to help users understand complex models in health-
care [11,12]. An extensive set of visualizations has been developed to represent complex models and
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their features, especially for non-expert users who do not have the required technical Al knowledge to
understand the working of such black box models[13] [14]; however, many of these require significant
expertise to interpret.

Recent work in the XAI domain has highlighted the promising role of conversational approaches
in explaining Al decisions [15,16]. Through natural language interaction, these approaches enable
non-experts in Al to ask questions about specific aspects of model predictions, receive immediate
clarifications, and explore model reasoning through an intuitive dialogue format that mirrors their
clinical case discussions. This interactive question-answering process has proven more accessible
than static visualizations, as it allows users to progressively build understanding through targeted
follow-up questions about aspects most relevant to their decision-making [17].

It has been argued that simply explaining a single decision without the origins of that action
or its context will not carry sufficient meaning [18]. Traditional approaches to building appropriate
trust in Al-powered clinical decision support systems have primarily relied on explaining the Al’s
decision-making process and performance metrics [19,20]. However, research has shown that these
explanations alone often fail to persuade clinicians to accept correct Al recommendations when they
conflict with clinicians’ initial hypotheses, and may not help clinicians identify incorrect Al suggestions
[21-23].

Recent studies have demonstrated a more effective approach: integrating scientific evidence along-
side Al predictions. This evidence-based approach, which aligns with clinicians’ natural suggestion-
validation processes, has shown promise in helping healthcare professionals appropriately calibrate
their trust in Al systems [24]. Furthermore, research indicates that scientific evidence of the impact of
predictive DSS on patient care plays an important role in facilitating trust [25]. However, providing
only scientific evidence is insufficient, as it does not reflect how machine learning models actually
arrive at their decisions. Healthcare professionals require explanations into model decison-making to
judge whether the system’s output is trustworthy [26].

Our research focuses on bridging this gap between Al systems and evidence-based clinical
practice and supporting healthcare professionals in understanding and validating Al-driven clinical
decision support systems. This context allows us to examine how integrated visual and conversational
explanations and the inclusion of scientific evidence can support clinical decision-making through
three key research questions:

1. How do conversational explanations impact the understandability of HCPs in Al’s decision-
making?

2. How does the inclusion of scientific evidence in explaining Al’s decision-making calibrate the
trust of HCPs in the Al’s decisions?

3.  How do HCPs find our integrated visual and conversational explanations useful in evaluating the
patient’s risk of diabetes as well as providing recommendations to improve patient conditions?

The main objective of this research is to determine whether conversational explanations can
enhance the understandability of Al decision-making processes for non-expert users, with particular
emphasis on making visual explanations more comprehensible for healthcare professionals. To
explore the research questions, we conducted a mixed-methods study with 30 healthcare professionals.
The study utilized both quantitative measures and qualitative feedback to evaluate our system’s
effectiveness in terms of understandability, usefulness, actionability, and trust. Prior to the main study,
we conducted multiple co-design sessions with nurses specializing in diabetes care and bioinformatics
to refine the system’s design and functionality. These sessions helped shape key features of the system,
particularly its practical utility and the development of actionable recommendations.

Our mixed-methods study with healthcare professionals revealed that the conversational interface
supported understanding of Al assessments, with queries primarily focusing on model explanations.
Scientific evidence integration positively influenced trust calibration while encouraging critical eval-
uation rather than unconditional acceptance. Most participants actively utilized both visual and
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conversational components for risk analysis and recommendation development, though they identi-
fied needs for greater personalization and more comprehensive patient data.
This paper makes the following contributions:

1.  As an artifact contribution, we present an decision support system with a novel design that
integrates interactive visualizations with conversational Al for diabetes risk assessment, enabling
healthcare professionals to efficiently explore Al assessments while maintaining structured
analysis capabilities. The code is open-sourced on GitHub'.

2. As theoretical contributions, we introduce: (1) an approach for grounding Al explanations in
scientific evidence, enabling HCPs to validate Al findings against established medical knowledge
and bridging the gap between Al systems and evidence-based clinical practice; (2) a hybrid
approach for handling user prompts that combines specialized models for analytical functions
with general LLMs for broader queries, ensuring support for healthcare professionals” diverse
information needs; and (3) a feature range analysis technique that identifies "Al-observed ranges"
of values most influential in predictions, enabling systematic examination of how Al systems
utilize different value ranges and providing deeper insight on feature contribution in decision-
making.

3. Asan empirical contribution, we present findings from a mixed-methods study with 30 healthcare
professionals and multiple co-design sessions, revealing that healthcare professionals build
appropriate trust incrementally through evidence-grounded explanations rather than accepting
Al recommendations at face value, and integrated visual and conversational interfaces enhance
clinical decision-making by supporting both analytical reasoning and contextual understanding.

2. Related Work and Background

This section reviews relevant advances and remaining challenges in explainable Al approaches
in clinical DSSs, conversational explanations and interfaces, and the integration of evidence-based
medicine with Al systems.

2.1. Clinical Decision Support Systems with Explainable Al

The adoption of Al in healthcare has brought advances in diagnosis, prognosis, and treatment
planning [27], but the complexity of Al systems challenges healthcare professionals who need to
understand Al-generated recommendations [28]. Traditional XAI methods in healthcare have focused
on visualization techniques such as feature importance plots and saliency maps [29], which often
require technical expertise to interpret effectively [30].

Decision Support Systems (DSS) in healthcare face challenges in balancing functionality with
usability in clinical environments [31,32]. Visualization-based interfaces have attempted to present com-
plex medical data in more intuitive formats [33-35], but healthcare professionals still face challenges in
translating visual patterns into actionable clinical insights.

Recent XAI developments have introduced more sophisticated approaches, including counter-
factual explanations and example-based reasoning [36] [37]. Conversational XAl represents a shift
toward accessibility, with systems like GutGPT [12] demonstrating how LLM-augmented interfaces can
mirror clinical consultation processes by enabling domain-specific dialogue with evidence-grounded
responses, though participants often found visualization components like Partial Dependency Plots
and Individual Conditional Expectation plots challenging to interpret.

2.2. Conversational Explanations and Interfaces

Recent advances in Large Language Models (LLMs) have enabled more sophisticated approaches
to Al explanations through natural dialogue [17,38]. These models make complex Al decisions more
accessible through open-ended conversations, though most focus solely on generating natural language

1 https://github.com/resamimi/diabetes-dashboard /
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responses without integrating visual elements or maintaining consistent grounding in domain expertise
[39].

In healthcare, conversational interfaces have been explored for patient engagement, clinical
decision support, and medical education [40]. Healthcare professionals appreciate natural dialogue
interfaces that mirror clinical conversations [12,41], but existing healthcare chatbots typically operate
in isolation from clinical tools and visualization systems [42] and rarely connect medical knowledge
bases to specific patterns learned by AI models [43].

Prior research has demonstrated that visualizations offer distinct advantages in healthcare con-
texts, facilitating quick understanding of patient information [33]. Concurrently, research shows that
textual explanations can enhance interpretability of complex visualizations, as healthcare professionals
often find technical visualizations difficult to interpret without accompanying textual context [12,33].
However, existing systems often fail to maintain consistent grounding in scientific evidence, potentially
reducing trust from healthcare practitioners [44].

2.3. Evidence-based Medicine and Al Integration

Evidence-based medicine (EBM) forms the foundation of modern clinical practice, requiring
healthcare professionals to integrate clinical expertise with the best available external clinical evidence
[45]. A challenge lies in bridging the gap between statistical patterns identified by machine learning
models and causal relationships established through clinical research [46].

Current approaches to incorporating evidence into Al systems typically either use scientific
literature to inform model development or attempt to justify Al predictions through post-hoc evidence
retrieval [47,48]. Recent work has explored incorporating scientific evidence into Al explanations [49],
including knowledge graphs connecting Al predictions with relevant clinical studies [48].

A promising approach integrates scientific evidence alongside Al predictions, aligning with
clinicians’ natural suggestion-validation processes [24]. This helps healthcare professionals calibrate
trust by providing literature evidence that can validate or invalidate Al suggestions. Similarly, GutGPT
[12] showed that LLM-augmented systems with guideline citations improved trust. However, these
approaches either don’t explain the Al’s decision-making process, which healthcare professionals
require to evaluate Al trustworthiness [26], or lack mechanisms for clinicians to systematically compare
Al explanations against established medical knowledge.

2.4. Clinical Decision Support Systems for Type 2 Diabetes

Recent years have seen numerous clinical decision support systems (CDSS) for Type 2 Diabetes
(T2D), providing interactive visualizations, risk assessment models, EHR integration, patient stratifica-
tion, and personalized treatment recommendations.

Bhattacharya et al. [33] present an explainable CDSS that predicts T2D risk via an interactive
dashboard with visual explanations and "what-if" scenarios. Kent et al. [50] developed an EHR-
integrated risk stratification tool, while Kourou et al. [51] found that standalone CDSS are less useful
when not integrated with EHR systems. Other approaches include OnT2D-DSS [52], an ontology-
driven system for tailored nutrition therapy plans, and Exandra[53], which recommends evidence-based
therapies aligned with diabetes guidelines.

Existing T2D systems have limitations: they either rely on visualizations requiring specific in-
terpretation skills without sufficient explanation, or they fail to provide explanations grounded in
scientific evidence, challenging healthcare professionals’ ability to trust and validate recommendations.

Our work addresses gaps in existing systems by integrating visual explanations with conversational
capabilities. Building on previous visualization designs that have proven effective in facilitating quick
understanding of healthcare professionals for data-centric and feature importance explanations [33],
we improve these with an interactive conversational interface that enables users to ask follow-up
questions about specific visual elements to clarify any confusion or get more information. This in-
tegration proves particularly helpful for healthcare professionals by allowing them to quickly gain
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a clear understanding of consolidated patient information and factors contributing to risk through
visualizations while accessing deeper contextual insights through dialogue.

Moreover, the system bases Al explanations on scientific evidence, drawing on verified evidence
from medical journals, clinical guidelines, systematic reviews, and epidemiological studies, enabling
direct comparison between Al predictions and established medical knowledge. This is achieved
through our feature range analysis visualization that explicitly juxtaposes Al-observed ranges with
scientifically established ranges from medical literature, allowing healthcare professionals to directly
evaluate how well the Al’s learned patterns align with clinical understanding.

2.5. Technical Background

To explain our approach, we present key technical foundations in two critical areas: natural
language processing approaches for model explanations, and methods for analyzing and validating
feature importance in Al models.

2.5.1. Natural Language Processing for Model Explanations

A key challenge in making AI models interpretable through natural language interaction is han-
dling diverse user queries about model behavior. The TalkToModel [17] framework addressed this by
using pre-trained language models to parse user prompts and map them to specific backend function-
alities such as feature importance analysis and counterfactual explanations. Their approach employed
few-shot GPT-J and fine-tuned T5 models using a dataset of prompts paired with corresponding parsed
versions that mapped to specific backend operations.

However, this approach has inherent limitations. The models could at best handle prompts
similar to those in their training dataset. When presented with unfamiliar queries, they either produce
irrelevant responses or default to "I did not understand your question." These unsupported queries
fell into two categories: those with meanings entirely different from any supported functionality, and
those asking about supported functionalities but using unfamiliar phrasings. These limitations are
addressed in our system (described in Section 3).

2.5.2. Feature Importance Analysis Methods

Various post hoc explanation methods exist, each providing feature attributions through different
computational approaches: Local Interpretable Model-Agnostic Explanations (LIME) [54] fits local
linear models, Shapley Additive Explanations (SHAP) [55] estimates Shapley values, and Integrated
Gradients [56] utilize model gradients.

To assess explanation reliability, the most significant features are perturbed to measure impact on
model predictions. The fudge score quantifies prediction sensitivity to feature perturbations:

N
Fudgey (/% m) = 7 L Ufw () — far(x +-n ©m) )

where © represents element-wise product, and € ~ N (0, Io) is Gaussian noise. To quantify
explanation faithfulness, we compute the area under the fudge score curve for the top-k most important
features:

1, ¢ € .
Nk ¢) = # B g i 1 o
0, otherwise
K
Faithy/(¢, f,x,K) = )  Fudge,(f, x, N'(k, ¢)) .
k=1

where N (k, ¢) selects the top-k features. Higher faithfulness scores indicate correctly identified
crucial features whose perturbation affects predictions.
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To select the optimal explanation, we compute faithfulness scores for multiple methods (LIME
with kernel widths {0.25, 0.50, 0.75, 1.0} and KernelSHAP with default settings) and choose the highest
scoring method. We set ¢ = 0.05 to maintain local perturbations and K = |d/2]. For similar scores
(within ¢ = 0.01), we use Jaccard similarity of feature rankings as a tiebreaker instead of the L, norm
to ensure stability across methods.

3. Technical Implementation

This section provides in-depth details about the implementation and design process of our system
for healthcare decision support. While our approach is designed to be adaptable to various clinical
contexts, we specifically tested and applied it in the domain of type 2 diabetes risk prediction.

3.1. System Architecture and Components

In this part, the implementation details of different components of the system are discussed. The
interface of the DSS is shown in Figure 2a.

L
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ser Query Semantic  Other Query and ‘* — esponse

Matcher  Contextual Info

Supported Quer:
. ° _/
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Gill
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Local Storage Scientific Evidence Gemini 1.5 Pro

Figure 1. Hybrid query processing architecture for conversational Al integration. Incoming user queries are
first processed by a semantic matcher that determines if they match supported analytical operations. Matching
queries are parsed by a fine-tuned T5 model to trigger specific backend functions, while non-matching queries are
handled by a general-purpose LLM (Claude) that has access to contextual information. The scientific evidence are
retrieved by Gemini
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Recommended actions:

1. Incorporate 30-40 mins brisk walking 5
times/week | Start now, maintain 3 months
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now, maintain 3-6 months
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recommendations, including meal examples?

I><

Detailed Dietary Recommendations

The counterfactual analysis suggests that reducing
the patient's BMI from 37.1 to 34.1, and insulin
from 207 to 177, would significantly lower their
diabetes risk. A low-carb, high-protein diet with
lean meats, vegetables, and whole grains is
recommended, such as grilled chicken, roasted
broccoli, and quinoa.

-4

(a) The overall interface of our DSS: the patient record data (VC1) is visualized in the left column. In the middle,
The user can see the risk assessment of the chosen patient and select different visualizations from the drop-down
menu of Analysis Visualization (in this case Recommendations (VC4)). The chat component (CC) in the right
column provides responses to the user interactions (such as clicking on "Get Recommendation" button) as well as
follow-up questions.

|~ Analysis Visualization Factor Importance v | Analysis Visualization Factor Range Analysis v

Shows how each health factor influences the Al's assessment: “likely
to have diabetes". Factors with orange bars influence in increasing
diabetes risk and the ones with green bars influence in decreasing
diabetes risk. The length of each bar shows how strongly that factor
affects the assessment.

Against Assessment Towards Assessment

For the most important health measures, compares Al-observed
ranges (from Al assessments) with scientific ranges (from medical
research). For more details about the ranges click on the help buttons
next the labels. The comparison shows how much Al findings align
with established medical guidelines.

® Al-observed Range @ Scientific Range @

@ Patient Factor Value

‘What are the scientific guidelines for Glucose in
diabetes risk assessment?

Normal Range

70-99 mg/dL. Normal fasting glucose levels are

between 70 and 99 mg/dL [1] .
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level is <100 mg/dL (5.6 ©f Medical Care in Diabetes-2024. Dibetes Care,
47(Supplement 1), S1-5289.
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(b) The left and middle visualizations correspond to feature importance (VC2) and feature range (VC3) analysis,
respectively. When the user clicks on the help buttons next to the feature names, the scientific evidence supporting
the provided importance and range appears in the chat area. In this case, the evidence for the normal and
diagnostic ranges is shown. The user can also see references for the evidence by hovering over the in-text citations.

Figure 2. The DSS interface components. (a) Shows the main dashboard with patient records, analysis visu-
alizations, and chat component. (b) Displays feature importance and range analysis with scientific evidence
integration.

3.1.1. Chatbot Implementation

Our system builds upon the TalkToModel framework (Section 2.5.1) while introducing several
enhancements to improve robustness and coverage. We developed a hybrid approach that using
semantic matching with a specialized sentence transformers model, named all-MiniLM-L6-v2, to
ensure comprehensive handling of user queries. The hybrid approach is shown in Figure 1.
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Hybrid Query Processing Architecture

The semantic matcher model is specifically fine-tuned on the user prompts from the TalkToModel
[17] dataset’. This fine-tuning process enables the model to accurately determine whether incoming
queries are semantically similar to supported operations such as feature importance, counterfactual
explanations, etc. When a new query is received, the system compares its semantic representation to
those of known supported prompts, using a carefully calibrated similarity threshold to determine if
the query maps to existing functionality. For queries that match supported operations, we utilize the
existing fine-tuned T5 small model to parse the input into formal grammar patterns that trigger specific
backend functionalities. Queries that fall below the similarity threshold for supported operations are
redirected to Claude Haiku via API, ensuring the system can still provide meaningful responses to a
broader range of questions while maintaining high accuracy for core analytical functions. An example
of a follow-up question that is not among the initial supported prompts is shown in Figure 2a.

Model Selection Rationale

The fine-tuned T5 small model was chosen over the few-shot GPT-] models and the T5 large model
because, first, as demonstrated in the TalkToModel document, fine-tuned T5 models outperformed few-
shot GPT-] models in accuracy. Second, while testing the T5 large model, we found that it introduced
noticeable latency in response times without providing better handling of queries that diverged from
supported prompts.

While more recent Small Language Models (SLMs) like Phi-3, Llama-7B, or other alternatives could
potentially be utilized, we leveraged the pre-trained models already made available by TalkToModel
on this specific dataset to ensure reproducibility. Furthermore, it’s important to note that regardless
of which SLM is fine-tuned for specialized analytical tasks, it would still need to be coupled with a
general-purpose LLM (like Claude in our implementation) to provide appropriate responses to the
broad range of healthcare questions that fall outside the scope of model-specific analytical queries.

Contextual Grounding Mechanism

To ensure accurate and contextually grounded responses from Claude, the system provides it
with comprehensive contextual information including the user’s last three conversations with the
chatbot (if any), the current patient’s health factor values, and the data being displayed in the active
Analysis visualization including the scientific evidences supporting the explanations. Claude was
selected among high-performing language models because it allows transmission of a large volume of
contextual information and manages large data effectively [57] which helps prevent hallucination as
much as possible and enables more precise, situation-aware responses.

Scientific Evidence Integration

To ground the system’s explanations in established medical knowledge, we initially leveraged
Gemini 1.5 Pro to gather scientific evidence about diabetes risk factors, their importance in diagnosis,
and their clinical ranges. This process involved extracting information from multiple authoritative
sources, including peer-reviewed research papers from medical journals, clinical practice guidelines
from organizations like WHO? and ADA*, systematic reviews and meta-analyses, and large-scale
epidemiological studies. Importantly, to ensure the validity and reliability of this evidence base,
all Al-retrieved references were manually verified and stored in a dedicated knowledge base. This
approach means that when users request scientific evidence for a particular factor or range, the system
draws from this pre-verified repository rather than generating new Al responses, ensuring consistency
and accuracy in the scientific backing for its explanations. An example of the evidence that the system
provides is demonstrated in Figure 2b.

2 The dataset is made available in the supplementary materials
3 https:/ /www.who.int/health-topics/diabetes
4 https:/ /diabetes.org/

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://www.who.int/health-topics/diabetes
https://diabetes.org/
https://doi.org/10.20944/preprints202506.2267.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 June 2025 d0i:10.20944/preprints202506.2267.v1

9 of 26

3.1.2. Feature Importance Visualization

The feature importance analysis uses the computational approach established in TalkToModel
[17] (Section 2.5.2) to calculate the importance (contribution) of each feature in the model prediction.
For visualization of these values, we adopted the design principles from Bhattacharya et al. [33],
which was shown to be intuitive for healthcare professionals in presenting feature contributions. The
importance of each feature is visualized in the DSS interface (Figure 2b). Users can access scientific
evidence extracted from established medical research papers on each factor’s importance by clicking
help buttons placed next to each factor.

3.1.3. Feature Range Analysis

We propose analyzing factor ranges to give more in-depth insight about the influence of the
features in the machine learning model’s decision-making in diabetes predictions. Specifically, this
analysis identifies ranges of the most important factors (previously determined) that contribute most
to the model’s predictions. This approach is based on the fact that machine learning models make
predictions based on learned patterns from data.

To determine the most contributing ranges, we follow this process for each prediction class (e.g.,
likely to have diabetes):

1. Filter all samples in the dataset predicted in the same class
2. Identify the 25th and 75th percentiles of values for each important factor
3. Define the range between these percentiles as the source of the factor’s influence on predictions

While we experimented with broader ranges (10th to 90th percentiles), we observed that the
25-75 percentile range provided optimal results, representing the largest range that aligns well with
established medical ranges while minimizing outlier influence. This range encompasses values from
50 percent of similarly predicted samples.

The visualization compares these "Al-observed ranges" with scientific ranges established from
medical papers and clinical guidelines. This comparison enables healthcare professionals to validate
the ranges against their clinical knowledge. Users can access the scientific evidence for the extracted
scientific ranges through help buttons placed next to each factor (Figure 2b).

3.1.4. Patient Record Visualization

The patient record visualization was designed to provide a comprehensive yet intuitive display
of health factors. The interface presents each health metric in a format that supports both quick
assessment and detailed analysis through several carefully chosen design elements:

e Distribution Context: Building on established visualization patterns in healthcare interfaces [33],
each metric is shown against a background distribution graph rendered in grey, providing
immediate context for how individual values compare to the broader patient population. This
design choice helps healthcare professionals quickly identify unusual or concerning values.

e  Range Markers: we incorporate minimum and maximum value indicators from the dataset to
establish clear boundaries for normal ranges.

*  Clinical Thresholds: We implemented a dual-threshold system for critical health indicators, using
color-coding and visual markers to highlight warning and critical levels. This design ensures
immediate visibility of concerning values while maintaining a clear distinction between different
risk levels.

The thresholding system was specifically implemented for four key factors based on established
clinical guidelines:
¢ BMI: Overweight and obesity status
¢  Blood Pressure: Pre-hypertension and hypertension
*  Glucose: Pre-diabetes and diabetes
* Insulin: Potential and actual insulin resistance
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Following previous research highlighting the importance of deeper inspection for "actionable"
health factors [58], this targeted thresholding approach was selectively applied to these modifiable
factors that clinicians can directly address through interventions. This visualization design prioritizes
rapid clinical assessment while maintaining access to detailed information, supporting healthcare
professionals in making informed decisions about patient care.

3.1.5. Recommendation System

Our recommendation system enhances the counterfactual analysis from TalkToModel by address-
ing key limitations in the original implementation. While TalkToModel provided options for prediction
changes (such as reducing BMI from 37 to 21), these options were often unrealistic for real patients to
implement. Additionally, some options included impossible changes to immutable factors like Age
[58].

Our system implements several improvements to ensure practical utility. First, it systemati-
cally filters out options that include impossible changes, such as modifications to immutable patient
characteristics. Following established approaches in medical visualization [33], the system breaks
down unrealistic large-scale modifications into smaller, achievable steps that patients can reasonably
implement. Each step is evaluated against medical guidelines to assign a feasibility badge, providing
healthcare professionals with clear indicators of the difficulty and practicality of suggested changes.

We introduce two features to enhance the recommendation process. First, we implement a
sequential timeline visualization that shows progressive steps until the prediction changes, helping
healthcare professionals understand the cumulative impact of incremental improvements. Second,
we integrate a "Get Recommendation” button that triggers the chatbot to generate precise, time-
bound actions for each step. This allows users to ask follow-up questions about to get more detailed
recommendations.

The final recommendations combine insights from multiple sources:

*  Counterfactual analysis to identify mathematically valid changes
®  Clinical guidelines to ensure medical appropriateness

®  Sequential timeline analysis to support gradual implementation
e  Natural language generation for actionable guidance

Figure 2a demonstrates this integrated approach, showing both the step-by-step visualization
and an example of the chatbot’s detailed recommendations.

3.2. Model and Dataset

The system employs a gradient boosted tree model for binary classification of diabetes risk
prediction. We utilize the Pima Indians Diabetes Database from the UCI Repository of Machine
Learning Databases (now available through Kaggle) [? ]. This dataset is widely used in the machine
learning community [59], including in intelligent interface research [60], making it a suitable choice for
evaluating explanation approaches.

The dataset contains 768 samples with features including glucose levels, blood pressure, BMI, and
other relevant health metrics. The model achieves 73.3% accuracy on the test set which includes 40% of
all data. While more complex algorithms might potentially achieve higher accuracy, this performance
level is sufficient for our research objectives focusing on explanation methods and interface design
rather than prediction optimization.

Our system architecture is designed with model-agnostic principles, allowing any machine learn-
ing model trained on the dataset to be easily incorporated without requiring changes to the interface
layout or explanation framework. While the choice of model does not influence the system’s design
and visualization capabilities, the dataset characteristics directly impact visualization components as
they must be adaptable to the specific features present in the dataset, their ranges, and distributions.
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3.3. User-Centered Design Process

Prior to implementing the system, we conducted two co-design sessions with two female nurses
between 20-30 years old, knowledgeable in diabetes diagnosis and bioinformatics. These sessions were
organized and facilitated by the principal researcher and a supervising professor with expertise in
human-computer interaction. Both sessions were conducted online, lasting approximately one and
a half hours combined. The co-design sessions were recorded and transcribed; then, the key points
of their conversations were extracted to inform the next iteration of the design. Analysis focused on
identifying specific pain points, user preferences, and suggestions for improvement.

Initially, our approach to feature importance and range explanations took a global perspective,
implementing these analyses across the entire dataset rather than for individual samples. This strategy
focused on providing “broad” explanations of general model behavior, drawing insights from multiple
algorithmic approaches to offer a comprehensive view of the system’s decision-making patterns. The
counterfactual explanations in this prototype only provided mathematical options for changing health
factor values to alter a prediction, without practical implementation guidance. In the first co-design
session, we presented an initial prototype that featured a primarily conversational Ul (shown in Figure
3). The prototype employed a chat interface where, when users asked for explanations (e.g., feature
importance), the corresponding visualization would appear in a canvas displayed adjacent to the
chat area. Participants were shown several explanation methods, including patient record, feature
importance, and range analysis visualizations, as well as a visualization highlighting typical model
mistakes, and another showing data samples categorized by true/false positive/negative prediction
scenarios. Collaboration was facilitated through a structured walkthrough where the researchers
explained each visual explanation component, its meaning, and interactive features (such as help
buttons for accessing scientific evidence). For each component, nurses were explicitly asked whether
they would use it in practice and were asked to provide critiques and suggestions for improvement.

= Conversational and Visual Interface for Explainable Al

What are the most important features for the predictions? I Factor Importance Analysis e

Shows how different factors influence the Al's assessment: "likely to have diabetes”

This following analysis examines various factors that influence
diabetes assessment and risk. Our analysis combines two .
perspectives: Factors Influence on Al's Assessment
Patterns observed in clinical data from patient records « Against the Assessment = Towards the Assessment —

Evidence from established medical research
Glucose @

BMI ®

|
Analysis of Individual Fact !
nalysis of Individual Factors
Y DiabetesPedigreeFunction @ | +14%
|

Glucose Age @

Hyperglycemia is a defining characteristic of diabetes [1]. BloodPressure @ 7
Direct quote from the cited study: 'Diabetes mellitus is a

heterogeneous metabolic disorder characterized by chronic Pregnancies @

hyperglycemia resulting from defects in insulin secretion, insulin action,

or both." SkinThickness ©® P

Insulin @ ) =%
Sustained hyperglycemia contributes to long-term complications [2].
Interpretation based on the following evidence from the paper: The

Figure 3. The initial prototype featuring a conversational UI with a chat interface and visualization canvas.

The nurses’ feedback led to substantial refinements in our approach, particularly in three critical
areas: First, the nurses expressed a strong preference for individual explanations over global ones,
noting that showing feature contributions for individual patients would align better with their natural
diagnostic processes in clinical settings. This feedback prompted a shift from global model explanations
to patient-specific analyses that aligned more closely with clinical workflows.

Second, the nurses emphasized the need for actionable recommendations that explained how
patients at risk of Diabetes could reduce their risk. This led to the development of the step-based
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counterfactual explanations and the recommendation system to achieve the suggested changes in the
health metrics.

Third, they provided critical feedback on several visualizations. For the visualization showing
common model mistakes, nurses questioned its clinical relevance, despite being understandable. They
expressed concerns that the classification visualization would be difficult for nurses to comprehend. In
contrast, they found the Patient Record Visualization appropriate and useful for their clinical workflow.

Based on these insights, we redesigned our original conversational Ul with in-chat visualizations
to an integrated visual-conversational DSS that provides more intuitive access to key visualizations. We
also incorporated a risk percentage display component to enhance clinical assessment capabilities. In
the second co-design session, we presented the revised design featuring the dashboard-style interface
with dedicated visualization panels alongside the conversational component. The nurses confirmed
that the new design satisfied their expectations and better aligned with their clinical workflow needs,
validating our redesign approach.

4. User Study

We conducted a mixed-methods user study with 30 healthcare professionals to evaluate the
effectiveness of our integrated visual-conversational DSS for diabetes risk assessment. Below, we detail
the study setup, evaluation measures, and study procedure.

4.1. Study Setup

The study was conducted online through a web-based platform, with participants taking an aver-
age of 55 minutes to complete the user study. Participants were recruited online through Prolific [61]
and compensated at an hourly rate of $15.13. Table 1 presents a summary of participant demographics
and professional characteristics. The majority of participants were nurses (76.7%), with representation
from other healthcare roles including physicians, paramedics, and diabetes educators. The sample
showed a strong female representation (83.3%) and was predominantly middle-aged, with 43.3% in
the 30-40 age range. Notably, 70% of participants had received specialized training in diabetes care
management.

Table 1. Participant Demographics and Professional Characteristics

Professional Role

Diabetes Patient
Interaction

Specialized Diabetes
Training

Geographic Distribu-
tion

Nurse: 23 (76.7%)

Daily: 13 (43.3%)

Yes: 21 (70.0%)

United Kingdom: 21

(70.0%)
Physician: 2 (6.7%) Weekly: 14 (46.7%) No: 9 (30.0%) United States: 7
(23.3%)
Paramedic: 2 (6.7%) Monthly: 3 (10.0%) Canada: 2 (6.7%)
Other Healthcare
Roles: 3 (10.0%)
Gender Age Group Al Tool Usage
Female: 25 (83.3%) 20-30: 7 (23.3%) Frequently (Weekly): 8
(26.7%)
Male: 5 (16.7%) 30-40: 13 (43.3%) Occasionally
(Monthly): 8 (26.7%)
40-50: 8 (26.7%) Rarely (1-2
times/year): 7 (23.3%)
Above 60: 2 (6.7%)

To avoid Al generated/assisted responses in our study, we implemented several validation
measures. Responses were analyzed using Claude 3.5 Sonnet to detect patterns indicative of Al
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assistance in writing. Participants whose responses showed evidence of Al usage were excluded from
the study. Additionally, participants who did not fully engage with the system, such as those who did
not enter the system or asked significantly fewer questions or questions unrelated to our proposed
query set, were classified as failing to adequately interact with the chatbot and excluded from the final
analysis.

Similar to previous work that involved recruiting domain experts from crowd-sourcing platforms
[62], to ensure participants possessed adequate clinical expertise, we validated their domain knowledge
through a comprehensive assessment. The evaluation covered several key areas of diabetes care
expertise, including understanding of type 2 diabetes pathophysiology, diagnostic criteria, treatment
protocols, complication management, and lifestyle modification guidance. This assessment helped
ensure that participants had the necessary medical background to effectively evaluate the system’s
clinical utility.

4.2. Study Procedure

Prior to beginning the study tasks, participants were introduced to the different components of
the DSS through a video tutorial that demonstrated the system’s key features and functionality. The
study then proceeded with instructing the participants to interact with the system through four tasks,
each designed to evaluate specific aspects of the system.

In Task 1 (Initial Assessment and Monitoring), participants were asked to examine two patient
cases using the patient record and risk assessment visualizations. Specifically, they were instructed to
enter two patient IDs into the system, which then displayed the corresponding patient information
(such as the patient with ID 39 shown in Figure 2). They first assessed these cases without using the
chatbot to determine which patient’s condition was more critical and explain their reasoning. They
then used the chatbot to ask follow-up questions about the risk assessment for a specific patient,
exploring how the conversational interface helped their understanding beyond the visualizations.

Task 2 was divided into two parts focusing on understanding the system’s analytical capabilities.
In Task 2A (Feature Importance Visualization), participants identified the top contributing factors to
the prediction and examined the scientific evidence provided for factor importance by accessing help
documentation and citations. They were encouraged to use the chatbot to ask comparative questions
about factor importance. Task 2B (Feature Range Visualization) required participants to explore the
relationship between Al-observed and scientific ranges, including examining the overlap between
these ranges and accessing supporting scientific evidence through help icons.

In Task 3 (Action Planning Through Recommendations), participants worked with the recommen-
dation visualization to examine risk reduction steps. They used the "Get Recommendations" feature to
access detailed recommendations and engaged with the chatbot to obtain more specific guidance about
implementing these suggestions. This task focused on evaluating how well the system supported
actionable intervention planning.

Task 4 (Evaluating Chatbot Interaction) involved interaction with the chatbot across all visu-
alization types. Participants were prompted to ask specific questions about various aspects of the
system, including queries about factor inclusion, range alignment, and implementation timelines for
recommendations. This task was designed to assess how well the conversational interface supported
deeper understanding of the system’s assessments.

For each task, participants provided both quantitative and qualitative feedback. The quanti-
tative evaluation used Likert-scale ratings across four key dimensions: Explanations Satisfaction,
Understandability, Actionability, and Trust. Qualitative feedback was collected through open-ended
questions that explored participants’ experiences with specific system features and their suggestions
for improvement. Throughout the study, the system recorded detailed interaction data, including
visualization usage patterns and chat conversation logs, to provide objective measures of engagement
with different system components.

Our task design methodology followed a systematic approach grounded in prior research. The
evaluation metrics and the core tasks (Tasks 1, 2A, and 3) were adapted from the evaluation framework
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by Bhattacharya et al. [33], which demonstrated effectiveness in assessing healthcare visualization
systems. For the additional components of our system, specifically the conversational interface and
feature range explanations, we designed additional complementary tasks (Tasks 2B and 4) using
similar structural principles but targeting these new interaction modalities.

4.3. Evaluation Measures

Our evaluation framework drew upon established metrics from multiple sources in the explainable
Al literature. For Tasks 1, 2, and 3, the Likert-scale questions measuring Explanations Satisfaction,
Understandability, and Trust were adapted from the evaluation framework proposed by [63]. The
Actionability questions for these tasks were derived from [64]. For Task 4, which focused on the
conversational interface, we adapted the Likert-scale questions from the XEQ Scale [65]. In all cases,
the questions were modified to align with our specific application context of diabetes risk assessment
and clinical decision support.

The open-ended questions were designed to align with our research questions and were inspired
by the XAI question bank presented in [66]. This approach allowed us to explore how healthcare
professionals understood and interacted with the system’s explanations, how scientific evidence
influenced their trust, and how the integrated visual-conversational approach supported their clinical
decision-making processes. All evaluation measures were carefully adapted to ensure relevance to the
healthcare context while maintaining the validated structure of the original assessment frameworks.

4.4. Thematic Analysis

To analyze the qualitative data collected from the open-ended questions, we employed a hybrid
approach of deductive and inductive coding in our thematic analysis [67,68]. This methodological
choice combined theory-driven deductive coding with data-driven inductive coding, allowing us to
integrate established theoretical frameworks while remaining responsive to novel patterns emerging
from the data. The analysis process began with the development of an initial set of deductive codes
informed by previous research findings [12,33]. The codes were derived by the principal researcher
prior to the formal coding phase to specifically address the research questions concerning conversa-
tional explanations” impact on understandability, scientific evidence’s role in trust calibration, and
the usefulness of integrated visual-conversational explanations. From this process, we established 13
deductive codes that guided our initial analysis.

The coding procedure followed a structured approach to ensure analytical rigor through inter-
coder reliability analysis. First, two researchers thoroughly familiarized themselves with the data
through multiple readings of participant responses. Then, both coders independently analyzed one-
third of the data using the deductive codes. After this initial coding phase, the researchers compared
their coding decisions, discussed discrepancies, and clarified code interpretations to establish a shared
understanding before proceeding to code the remaining data independently [69]. Following the work
of [68] for our thematic analysis, the reliability assessment focused specifically on the deductive codes.
To quantify the level of agreement between coders, we calculated Cohen’s kappa across these deductive
codes. The analysis yielded a kappa value of 0.847, indicating substantial agreement according to
standard interpretations of this metric [70]. This high level of agreement provided confidence in the
reliability of our coding framework and the resulting thematic analysis.

In parallel with the deductive coding process, the principal researcher conducted a separate round
of inductive coding to identify emerging patterns not captured by the predetermined deductive codes.
This process generated 24 inductive codes, of which 13 were ultimately incorporated into our final
thematic structure. During the synthesis phase, these inductive codes were used in combination with
the deductive codes to develop comprehensive themes and sub-themes that represented participants’
perspectives.

After coding was complete, we synthesized the coded data into coherent themes and sub-themes
through an iterative process of pattern recognition and refinement. The final thematic structure was
organized according to our three research questions, with each theme supported by representative
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quotes from participants and an indication of how widely each theme was represented across the
sample. Table 2 provides an overview of the main themes and sub-themes organized by research
question, indicating whether they are derived from a deductive code (D), an inductive code, or a

combination of both codes (D-I).

Table 2. Overview of Qualitative Findings with Supporting Participants

Themes and Sub-themes

Supporting Participants
(n/30): IDs

RQ1: Impact of Conversational Explanations on Understandability

Interactions with the chatbot increase interpretability of the
explanation methods (D)

Textual explanations clarified visuals, but after a while, a chatbot
may become unnecessary (D-I)

(29/30): 1-8,10-30

(20/30): 1, 3-5, 7-10, 13-14, 16,
18-21,23-24, 26, 29-30

HCPs value textual information that is easy to understand

(16/30): 1-4, 8, 10, 12, 15, 19-20,
22-24,27-28

and quick to read (D-I)

RQ2: Impact of Scientific Evidence on Trust Calibration

Evidence-based explanation builds trust in AI (D)

(28/30): 1-3, 5-8, 10-30

Al cannot fully replace a clinician and therefore cannot be
trusted fully (D)

(8/30):2,5,9,14,17,20-21, 26

Uncertainty about data sources leads to distrust of Al output
(D)

(8/30): 3,5,7,10, 18, 20, 25, 28

Lack of understanding of a visualization causes mistrust of it
(D)

(2/30): 4,17

RQ3: Usefulness of Integrated Visual and Conv

ersational Explanations

HCPs used both visual and conversational components to
analyze risk and get recommendations (D)

(25/30): 1-3, 5-8, 11-13, 15-16,
18-27,29

Dashboard combines patient data for faster risk analysis, but
the information remains insufficient (D-I)

Visualizations facilitate quick understanding (D)

(24/30): 1-10, 14-17, 19, 21-23,
26, 28, 30

(7/30): 1,5, 14,16, 19, 22, 28

Recommendations are too generic and need to be personal-
ized based on comprehensive patient background (D)

(26/30): 1-5,8,10-11, 13-21, 23-
24, 26-27, 29-30

5. Findings

In this section, we present the findings from our mixed-methods study with healthcare profession-

als. The results are organized according to our three research questions, integrating both qualitative
and quantitative data to provide a comprehensive understanding of healthcare professionals” expe-
riences with our system. For each qualitative finding, we indicate its source and whether it was
identified deductively (D), inductively (I), or both (D-I).

Throughout the analysis, we examine users’ interactions with the system, which showed active
engagement during the average 41-minute session duration per participant. The chat interface demon-
strated particularly high engagement, with an average of 17.32 chat interactions per user compared
to 5.32 visualization interactions, suggesting that participants actively utilized the conversational
capabilities for deeper understanding. Figure 4 presents the mean ratings and standard deviations
across all tasks and dimensions.
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Figure 4. Mean and Standard Deviations of Participants” Ratings Across All Tasks

5.1. RQ1: Impact of Conversational Explanations on Understandability
5.1.1. Interactions with the Chatbot Increase Interpretability of the Explanation Methods (D) [33]

The majority of participants (29/30) found that interactions with the chatbot enhanced their
ability to explore and understand the system’s explanations. The conversation allowed healthcare
professionals to receive reasoning and supplemental information that clarified the Al’s decision-making
process. As P29 described:

“[The most helpful aspect of conversing with the Al was the] ability to interact with it to gain
further insights and clarification on the data provided. Being able to ask follow-up questions
on things like how certain factors influence risk or why certain factors were included helped
me better understand how the Al was processing the data.”

This qualitative finding is supported by our quantitative results, as shown in Figure 4, where Task
4 (Chatbot Interaction) received the highest Understandability ratings (M = 4.05, SD = 0.79) across all
tasks. Also, the chatbot interaction showed an improvement in understandability compared to the
initial assessment task (Task 1, M = 3.77, SD = 0.97), suggesting that the conversational component
supported healthcare professionals” understanding of the system.

Analysis of chat interactions revealed that model explanation queries formed the largest category
(30% of all questions), with practitioners seeking to understand the Al’s decision-making process
through questions like “Can you explain why this patient has been flagged as high risk for diabetes?”
as illustrated in Figure 5b. Feature understanding questions constituted another 21% of interactions,
with healthcare professionals investigating the relative importance of different factors. The substantial
proportion of these question types (51% combined) indicates that healthcare professionals actively
engaged in building a comprehensive understanding of the Al’s reasoning process.
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Figure 5. Analysis of user interactions: (a) shows the frequency of different visualization types used, with Feature
Range Analysis being the most utilized component; (b) illustrates the distribution of different types of questions
asked by users, with Model Explanation queries being the most common.
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Within this theme, we identified a notable sub-theme related to the complementary nature of
textual and visual explanations.

Textual explanations clarified visuals, but after a while, a chatbot may become unnecessary (D-I)

Many participants (20/30) indicated that textual explanations provided by the chatbot helped
clarify the visualizations, particularly when they encountered difficulty interpreting certain visual
elements. This was especially evident with the feature range explanation, where several participants
(8/30) noted that the chatbot helped them understand the difference between Al-observed ranges and
scientific ranges. As P8 stated:

“It was very helpful [to ask about feature ranges] because I didn’t exactly understand what
the difference was between the Al-observed range and the scientific range. Now I understand
the key differences between both.”

This is reflected in our interaction data, where Feature Range Analysis received the highest en-
gagement (66 interactions) among visualization components, followed by Counterfactual Explanation
(59 interactions) and Feature Importance (40 interactions), as shown in Figure 5a. Some participants
(2/30) suggested that the chatbot might become unnecessary as healthcare professionals become more
familiar with the visualizations, with P19 noting that “after a period of using the data and visualization
alone, it is possible that the clinician will not use the chatbot so frequently.”

5.1.2. HCPs Value Textual Information That Is Easy to Understand and Quick to Read (D-I) [12]

Many participants (16/30) emphasized the value of receiving information in an intuitive way that
can be read quickly. They valued the Al’s ability to provide reasoning in a comprehensible way (9/30)
and appreciated that the chatbot’s responses do not take too long to read (7/30). As P12 expressed:

“[The conversation with the AI] was quicker than when I Google something and gives me
the facts without me needing to read through pages and pages of information to find what I
want.”

Some healthcare professionals (3/30) specifically noted the Al assistant’s ability to summarize
data into an understandable format:

“The Al was able to give a summary of the data in a simple to read and understand format
whereas I would have to read through the data and come to a conclusion myself. The Al
doing it for me helped in this process.” (P8)

5.2. RQ2: Impact of Scientific Evidence on Trust Calibration
5.2.1. Evidence-Based Explanation Builds Trust in AI (D) [12,33]

The inclusion of scientific evidence in Al explanations positively influenced trust for nearly
all participants (28/30). Healthcare professionals valued the system’s grounding in evidence-based
practice, which aligns with their professional standards. As P19 emphasized:

“This [evidence] is absolutely necessary when a clinician is interacting with an Al system.
When evidence and reference is provided, not only it means that the Al decision is evidence
based but also it shows with good confidence that it is not generated by the Al system in
error.”

The quantitative data supports this finding, as shown in Figure 4, showing a progressive increase
in Trust ratings across tasks, from the initial assessment (Task 1, M = 3.37, SD = 1.15) through to
chatbot interaction (Task 4, M = 3.88, SD = 0.90). Many participants (11/30) specifically appreciated
that the scientific evidence came from reputable sources they were already familiar with from their
own research.

The overlap between Al-observed ranges and scientific ranges had a particularly positive effect
on building trust for many participants (17/30):
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“If the difference [between Al observed and scientific ranges] was high then I would be
more skeptical of the Al as we know that scientific data is robust and has been analyzed
thoroughly however with the overlap shown it enhances my confidence as it shows that the
Al is aligned with previous scientific research.” (P22)

This is reflected in the quantitative results (Figure 4) for Task 2B (Range Analysis), which showed
improved Trust ratings (M = 3.55, SD = 1.14) compared to Task 1.

5.2.2. Al Cannot Fully Replace a Clinician and Therefore Cannot be Trusted Fully (D) [12]

Despite the positive impact of scientific evidence, several participants (8/30) expressed the belief
that Al could not fully replace clinical judgment and, therefore, could not be trusted completely. As
P17 noted, they would always seek a second opinion because they “don’t want to entrust someone’s
health fully with a computer.” Others indicated a desire to verify the cited sources themselves rather
than accepting them uncritically.

This healthy skepticism led some healthcare professionals to want to verify the cited sources
themselves rather than accepting them uncritically:

“It [scientific evidence] slightly increased trust, but just because a paper is referenced does
not mean that it is scientifically robust or clinically significant, I would want to review the
source myself to see if it was trustworthy.” (P2)

5.2.3. Uncertainty About Data Sources Leads to Distrust of AI Output (D) [12]

Some participants (8/30) expressed concerns about trusting the Al’s outputs due to unclear
information about the underlying data sources. Participants noted that while they had confidence in
the scientific ranges, they lacked knowledge about the datasets used by the Al. As P18 stated:

“I'have a lot of confidence in the scientific ranges and I don’t know enough about the datasets
the Al is using to know how accurate its assessment is.”

These finding helps explain why Trust ratings, while showing improvement across tasks, remained
lower than other dimensions such as Understandability and Actionability.

A smaller number of participants (2/30) worried about the Al’s ability to remain current with
the latest medical research. This finding may partially explain the higher variability observed in Trust
ratings (SDs ranging from 0.90 to 1.15) compared to other dimensions shown in Figure 4.

5.2.4. Lack of Understanding of Feature Range Visualization Causes Mistrust in AI (D) [33]

A small number of participants (2/30) indicated that difficulty understanding the feature range
visualization specifically led to a lack of trust in Al’s assessments. For instance, P17 found the ranges
“quite confusing” and noted that the variations made it difficult to trust the AL

5.3. RQ3: Usefulness of Integrated Visual and Conversational Explanations
5.3.1. HCPs Used Both Visual and Conversational Components to Analyze Risk and Get
Recommendations (D) [33]

Most participants (25/30) found value in having both visual and conversational modalities
available for risk analysis. As P3 noted, the system “displays metrics in an easy to use interface” while
showing “the risk and how that risk has been determined when questioned.” The integration of both
modalities was particularly valued for developing recommendations, with P22 highlighting that “the
combination of both allows for a robust plan to be put in place to help reduce risk.”

This finding is supported by the quantitative data, shown in Figure 4, for Task 3 (Recommenda-
tion System), which showed improvements across all dimensions compared to previous tasks, with
particularly high ratings for Actionability (M = 4.04, SD = 0.87) and Understandability (M = 3.98,
SD = 0.87), as shown in Figure 4.

Several participants (5/30) specifically appreciated how the system presented manageable steps to
reduce risk, while others (4/30) valued the ability to ask follow-up questions about recommendations.
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Analysis of chat interactions revealed that recommendation requests constituted 23% of all questions,
indicating that participants valued the system’s potential for practical clinical application.

5.3.2. The Dashboard Combines Patient Data for Faster Risk Analysis, but the Information Remains
Insufficient (D-I) [33]

Most participants (24/30) appreciated how the dashboard consolidated patient information,
making risk analysis faster and more efficient. As P15 expressed:

“It gives me some key metrics to perform an initial risk status. Clear. I don’t need to scrawl
through the patient record to find what I need.”

This finding aligns with the quantitative results (Figure 4) for Task 1 (Initial Assessment and
Monitoring), which showed Actionability ratings above the scale midpoint (M = 3.98, SD = 0.86).
However, several participants (4/30) indicated that the presented information was insufficient for
comprehensive risk analysis, expressing the need for additional health metrics such as HbAlc, lipid
levels, or genomic information.

Visualizations Facilitate Quick Understanding (D) [33]

Several participants (7/30) specifically noted that the visual representations enabled quick com-
prehension of the explanations. P22 observed that the dashboard “provides a quick and concise
overview of factors contributing to the individual’s risk of diabetes” and “allows the practitioner to
clearly see what areas are concerning and what areas are acceptable.”

5.3.3. Recommendations Are Too Generic and Need to be Personalized Based on Comprehensive
Patient Background (D) [33]

Most participants (26/30) felt that the system’s recommendations were too generic and required
more personalization. As P4 noted, the recommendations “somewhat help, but not as specific as it
needs the be” since a plan needs to be developed with the patient that is “specific to their particular
needs.”

Many healthcare professionals emphasized the importance of considering individual factors
when developing recommendations. P10 stressed that psychological factors, barriers to change, and
economic barriers “HAVE to be taken into consideration when making recommendations” because
“one size fits all approaches DO NOT WORK.”

Despite these criticisms, Task 3 (Recommendation System) received high Actionability ratings
(M = 4.04, SD = 0.87), suggesting that participants still found value in the recommendations as a
starting point for patient care. The 23% of chat interactions focused on recommendation requests further
highlights the importance participants placed on actionable guidance, despite their desire for more
personalized recommendations. This suggests that while the current implementation provides value,
there is potential for improvement in tailoring recommendations to individual patient circumstances.

6. Discussion

Our study explored the integration of conversational Al capabilities with interactive visualizations
in a clinical decision support system for diabetes risk assessment. Through a mixed-methods evaluation
with 30 healthcare professionals, we examined how this integration impacts understandability, trust
calibration, and clinical utility. This section discusses our findings in relation to prior research and
their implications for the design of Al-powered clinical decision support systems.

6.1. The Role of Conversational Explanations in Understanding

Our findings demonstrate that conversational explanations enhance healthcare professionals’
understanding of Al-driven clinical assessments. Nearly all participants (29/30) reported that interac-
tions with the chatbot improved their ability to explore and understand the system’s explanations,
with Task 4 (Chatbot Interaction) receiving the highest understandability ratings across all tasks.
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These findings extend prior research by Bhattacharya et al. [33] who observed that "including
textual annotations can improve understandability” of visualizations and Rajashekar et al. [12] who
noted that "participants found the graphical representation challenging to interpret" and that "large
language models may increase ease of use for AI-CDSS." While their participants expressed difficulty
interpreting data-distribution charts without sufficient textual context, our participants particularly
valued the chatbot for clarifying complex visualizations, especially the feature range analysis, which
received the highest engagement among visualization components. Moreover, our approach extends
Bhattacharya et al.’s observation that "interactive visuals increase the interpretability of explanation
methods" [33] by demonstrating how conversational explanations further support understandability
through targeted follow-up questions to gain more insights into the explanations of the AI’s decision-
making.

Importantly, our findings align with Rajashekar et al. [12] and build upon Slack et al. [17] regarding
the benefits of conversational explanations for healthcare professionals with limited technical Al
knowledge. Healthcare professionals value textual information that is easy to understand and quick
to use. This preference for efficient information delivery reflects the time constraints of clinical
environments, where practitioners need to process information rapidly. Slack et al. [17] noted a distinct
difference in how technical expertise influences interface preferences—healthcare workers showed
greater future use intention for conversational interfaces compared to ML professionals with technical
backgrounds. This connects with our observation that some participants suggested the chatbot might
become less necessary as they become more familiar with interpreting the visualizations. This pattern
indicates that conversational explanations may serve as a valuable bridge to visual literacy, with
their relative importance potentially decreasing as users develop expertise in interpreting visual
representations of Al decisions.

6.2. Evidence-Based Explanations and Trust Calibration

7

Our research highlights the critical role of scientific evidence in calibrating healthcare professionals
trust in Al systems. The incorporation of evidence-based explanations positively influenced trust for
nearly all participants (29/30), with progressive improvements in trust ratings observed across tasks
as exposure to evidence-grounded explanations increased.

Our explicit integration of scientific evidence alongside Al explanations proved crucial for trust
calibration, particularly when the evidence came from reputable sources familiar to participants. This
aligns with Rajashekar et al.’s finding that "large language models require justification with citations
to promote trust” and Yang et al.’s assertion that scientific evidence must be "drawn from a shared
source of truth" with healthcare professionals.

However, our findings reveal a more nuanced relationship between Al explanations and scientific
evidence than previously suggested. While Yang et al. [24] proposed that scientific evidence should
largely supplant explanations of Al decision-making processes, our study indicates these approaches
should be complementary. Several participants (8/30) expressed uncertainty about the Al’s underlying
data sources, which contributed to distrust of its outputs. This is consistent with Rajashekar et al. [12]
who found that "the most commonly cited reason for why participants could not trust the chatbot’s
outputs was that they did not know what data the chatbot was drawing from."

The feature range analysis visualization, which explicitly compared Al-observed ranges with
scientific ranges, proved particularly valuable for trust calibration. Many participants (17/30) noted
that the overlap between these ranges enhanced their confidence in the system. This suggests that
transparency in both the Al’s decision-making process and its alignment with established medical
knowledge is essential for building appropriate trust.

Our findings extend Dazeley et al.’s argument that explaining a single decision without the origins
of that action or its context will not carry sufficient meaning [18]. By providing scientific evidence as
context for Al explanations, our system creates a framework that allows healthcare professionals to
evaluate Al decisions against established medical knowledge. our study revealed a healthy skepticism
among healthcare professionals (8/30) who maintained that AI cannot fully replace clinical judgment
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and emphasized the need to verify sources independently. This suggests that evidence should not
simply be presented as a persuasive tool but rather as material for critical evaluation.

6.3. Complementary Nature of Visual and Conversational Modalities

Our findings demonstrate that healthcare professionals value having both visual and conversa-
tional modalities available for risk analysis and recommendation development. Most participants
(25/30) reported using both components to assess patient risk and develop recommendations, with
Task 3 (Recommendation System) showing high ratings for actionability (M = 4.04) and understand-
ability (M = 3.98).

This preference for integrated modalities aligns with Rajashekar et al. [12] who similarly found
that clinicians appreciated having multiple interaction options. While they focused on contrasting
interactive dashboards with chatbot interfaces, our study demonstrates how these modalities can be
synergistically combined to support different aspects of clinical decision-making. The integration
supports both analytical reasoning (through visualizations) and contextual understanding (through
dialogue), enhancing the system’s overall utility.

Consistent with Bhattacharya et al. [33] who found that "visualizations facilitate quick understand-
ing" through graphical representations and color-coding, our participants valued visual components
for rapid comprehension. Several participants (7/30) specifically noted that visualizations enabled
them to "clearly see what areas are concerning and what areas are acceptable." Simultaneously, the
conversational interface provided deeper insights and clarifications when needed, particularly for
complex visualizations like the feature range analysis.

However, our study also identified limitations in the current implementation. Most participants
(24/30) noted that while the dashboard effectively consolidated patient information for faster risk
analysis, the presented data remained insufficient for comprehensive assessment. Similarly, many
participants (26/30) found the recommendations too generic and lacking personalization based on
patient-specific factors such as comorbidities, socioeconomic status, and psychological barriers to
change.

These limitations mirror Bhattacharya et al.’s findings that healthcare professionals preferred
data-centric explanations over counterfactual recommendations, considering the latter too generic and
insufficiently personalized. However, our conversational interface offered some advantages for action-
ability by allowing healthcare professionals to ask follow-up questions about specific recommendations,
with recommendation requests constituting 23% of all chat interactions.

6.4. Limitations

Despite implementing assessments to validate domain knowledge of the participants, our study
has several limitations. The primary limitation stems from the lack of formal verification of professional
backgrounds beyond self-reporting through the Prolific platform. Our participant sample (83.3%
female) may not fully represent all healthcare practitioners. Additionally, the Pima Indians Diabetes
Database, while widely used in research, is relatively small (768 samples) and lacks demographic
diversity, potentially limiting generalizability. The moderate accuracy (73.3%) of our machine learning
model may have influenced healthcare professionals’ trust perceptions and interaction patterns.

The choice of Claude Haiku as our conversational Al component, while effective for our study,
may not represent the most advanced reasoning capabilities currently available. A design limitation
of our approach is that we did not provide comprehensive evidence in terms of “supporting and
opposing evidence” that healthcare professionals need to make an informed judgment [24]. Our
system primarily presented evidence supporting the importance of various factors and their ranges
rather than offering a balanced view of conflicting research findings, which would be necessary for
more nuanced clinical decision-making.
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6.5. Implications for Future Research

Our findings suggest directions for future research of integrated visual-conversational systems
for healthcare decision support:

Adaptive Conversational Interfaces Based on User Expertise

Our finding that healthcare professionals might rely less on conversational assistance as they
become familiar with visualizations suggests developing explanation systems that adapt to users’
growing expertise. Future systems could adjust both the extent of conversational support and the
technical depth of explanations based on detected user sophistication or explicit preferences. For novice
users, systems would abstract away Al complexities, focusing on clinically relevant interpretations
using familiar medical terminology. As users demonstrate increased understanding through more
sophisticated queries or interaction patterns, the system could progressively introduce technical
concepts about feature interactions, algorithmic confidence, or statistical foundations. Research should
explore methods for modeling user expertise through interaction analysis, creating seamless transitions
between explanation modes, and designing interfaces that support different learning trajectories while
maintaining clinical relevance.

Transparency in Data Sources and Model Development

While scientific evidence improves trust in Al explanations, our findings show this alone is insuf-
ficient for complete trust calibration. Healthcare professionals need greater transparency about data
sources used by both predictive models and explanatory systems. Current approaches, including ours,
do not incorporate medical literature directly into model training. Instead, models make predictions
based solely on patient data, with medical literature serving as external validation presented alongside
outputs. This evidence exists outside the model and supports or opposes predictions without pro-
viding causal explanations of how scientific knowledge influenced specific predictions. Future work
should explore training predictive models that incorporate both patient data and medical guidelines,
then provide intuitive, efficient causal explanations by identifying which medical literature influenced
risk assessments. This integration would bridge the gap between correlation-based machine learning
and evidence-based clinical practice, creating Al systems that explain their reasoning using the same
scientific evidence that clinicians rely upon.

Personalized, Context-Aware Recommendations

Although participants appreciated the step-by-step approach to risk reduction, they found recom-
mendations too generic for clinical practice. Future systems need to incorporate psychological factors,
including patient preferences, time constraints, and socioeconomic status, that influence treatment
adherence. The ability to ask follow-up questions about recommendations was valued for obtaining
more relevant information, but this feature requires enhancement to address the full complexity of
patient circumstances. Research should focus on developing recommendation frameworks that bal-
ance evidence-based guidelines with personalization capabilities, potentially incorporating shared
decision-making approaches that involve both clinician and patient perspectives.

7. Conclusion

This paper investigated the integration of interactive visualizations with conversational Al for
explaining diabetes risk predictions, focusing on three main areas: the impact of conversational expla-
nations on understanding Al decisions, the role of scientific evidence in trust calibration, and the effec-
tiveness of combining visual and conversational explanations. We presented a visualization-chatbot
DSS for diabetes prediction, a methodology for grounding Al explanations in scientific evidence, a
hybrid approach for handling diverse user prompts, a feature range analysis technique for deeper
insight into Al decision-making, and empirical insights into healthcare professionals’ interaction with
Al explanations. Through a mixed-methods study with 30 healthcare professionals, we demonstrated
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that conversational interaction supported comprehension of Al assessments, while integration of scien-
tific evidence led to appropriate trust development. The combined visual-conversational approach
proved effective in helping both risk evaluation and recommendation development.

Acknowledgments: This research is funded by the Research Foundation-Flanders (FWO grant GOA4923N). We
sincerely thank Yizhe Zhang and Maxwell Szymanski for their insightful feedback.

References

1.  Reddy, S.; Rogers, W.; Makinen, V.P; Coiera, E.; Brown, P.; Wenzel, M.; Weicken, E.; Ansari, S.; Mathur, P.;
Casey, A.; et al. Evaluation framework to guide implementation of Al systems into healthcare settings. BM]
Health Care Inform 2021, 28. https://doi.org/10.1136/bmjhci-2021-100444.

2. Secinaro, S.; Calandra, D.; Secinaro, A.; Muthurangu, V.; Biancone, P. The role of artificial intelligence in
healthcare: a structured literature review. BMC Medical Informatics and Decision Making 2021, 21. https:
//doi.org/10.1186/512911-021-01488-9.

3.  Alowais, S.A.; Alghamdi, S.S.; Alsuhebany, N.; Alqahtani, T.; Alshaya, A.I. Revolutionizing healthcare: the
role of artificial intelligence in clinical practice. BMC Medical Education 2023, 23. https:/ /doi.org/10.1186/s1
2909-023-04698-z.

4. Shinners, L.; Aggar, C.; Grace, S.; Smith, S. Exploring healthcare professionals” understanding and experi-
ences of artificial intelligence technology use in the delivery of healthcare: An integrative review. Health
Informatics Journal 2019, 26, 1225-1236. https:/ /doi.org/10.1177/1460458219874641.

5. Asan, O.; Bayrak, E.; Choudhury, A. Artificial Intelligence and Human Trust in Healthcare: Focus on
Clinicians. Journal of Medical Internet Research 2020, 22, e15154. https://doi.org/10.2196/15154.

6. Rony, M. “i wonder if my years of training and expertise will be devalued by machines”: concerns
about the replacement of medical professionals by artificial intelligence. Sage Open Nursing 2024, 10.
https://doi.org/10.1177 /23779608241245220.

7. Kerstan, S.; Bienefeld, N.; Grote, G. Choosing human over Al doctors? How comparative trust associations
and knowledge relate to risk and benefit perceptions of Al in healthcare. Risk Analysis 2023, 44, 939-957.

8.  Sutton, R.T,; Pincock, D.; Baumgart, D.C.; Sadowski, D.C.; Fedorak, R.N.; Kroeker, K.I. An overview of
clinical decision support systems: benefits, risks, and strategies for success. NPJ digital medicine 2020, 3, 17.

9.  Foraker, RE; Kite, B.; Kelley, M.M.; Lai, A.M.; Roth, C.; Lopetegui, M.A.; Shoben, A.B.; Langan, M.; Rutledge,
N.L.; Payne, PR. EHR-based visualization tool: adoption rates, satisfaction, and patient outcomes. eGEMs
2015, 3, 1159.

10. Hassan, M.; Kushniruk, A.; Borycki, E. Barriers to and facilitators of artificial intelligence adoption in health
care: scoping review. JMIR Human Factors 2024, 11, e48633.

11. Loh, HW.; Ooi, C.P; Seoni, S.; Barua, P.D.; Molinari, F; Acharya, U.R. Application of explainable artificial
intelligence for healthcare: A systematic review of the last decade (2011-2022). Computer Methods and
Programs in Biomedicine 2022, 226, 107161.

12.  Rajashekar, N.C.; Shin, Y.E; Pu, Y.; Chung, S.; You, K.; Giuffre, M.; Chan, C.E.; Saarinen, T.; Hsiao, A.; Sekhon,
J.; et al. Human-algorithmic interaction using a large language model-augmented artificial intelligence
clinical decision support system. In Proceedings of the Proceedings of the 2024 CHI Conference on Human
Factors in Computing Systems, 2024, pp. 1-20.

13. Cheng, H.F; Wang, R.; Zhang, Z.; O’connell, F,; Gray, T.; Harper, EM.; Zhu, H. Explaining decision-making
algorithms through UI: Strategies to help non-expert stakeholders. In Proceedings of the Proceedings of the
2019 chi conference on human factors in computing systems, 2019, pp. 1-12.

14. Ooge, ].; Stiglic, G.; Verbert, K. Explaining artificial intelligence with visual analytics in healthcare. Wiley
Interdisciplinary Reviews: Data Mining and Knowledge Discovery 2022, 12, e1427.

15. Nguyen, V.B.; Schlétterer, J.; Seifert, C. Explaining Machine Learning Models in Natural Conversations:
Towards a Conversational XAl Agent. arXiv preprint arXiv:2209.02552 2022.

16. Nobani, N.; Mercorio, F; Mezzanzanica, M.; et al. Towards an Explainer-agnostic Conversational XAIL In
Proceedings of the IJCAI, 2021, pp. 4909-4910.

17.  Slack, D.; Krishna, S.; Lakkaraju, H.; Singh, S. Explaining machine learning models with interactive natural
language conversations using TalkToModel. Nature Machine Intelligence 2023. https://doi.org/10.1038 /5422
56-023-00692-8.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.1136/bmjhci-2021-100444
https://doi.org/10.1186/s12911-021-01488-9
https://doi.org/10.1186/s12911-021-01488-9
https://doi.org/10.1186/s12909-023-04698-z
https://doi.org/10.1186/s12909-023-04698-z
https://doi.org/10.1177/1460458219874641
https://doi.org/10.2196/15154
https://doi.org/10.1177/23779608241245220
https://doi.org/10.1038/s42256-023-00692-8
https://doi.org/10.1038/s42256-023-00692-8
https://doi.org/10.20944/preprints202506.2267.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 June 2025 d0i:10.20944/preprints202506.2267.v1

24 of 26

18. Dazeley, A.; Karpowicz, K.; Menzies, T. Levels of explainable artificial intelligence for human-aligned
conversational explanations. Artificial Intelligence 2021, 298, 103525. https://doi.org/10.1016/j.artint.2021.1
03525.

19. Rechkemmer, A.; Yin, M. When confidence meets accuracy: Exploring the effects of multiple performance
indicators on trust in machine learning models. In Proceedings of the Proceedings of the 2022 chi conference
on human factors in computing systems, 2022, pp. 1-14.

20. Wang, D; Yang, Q.; Abdul, A.; Lim, B.Y. Designing theory-driven user-centric explainable Al In Proceedings
of the Proceedings of the 2019 CHI conference on human factors in computing systems, 2019, pp. 1-15.

21. Yang, Q.; Steinfeld, A.; Zimmerman, J. Unremarkable AI: Fitting intelligent decision support into critical,
clinical decision-making processes. In Proceedings of the Proceedings of the 2019 CHI conference on human
factors in computing systems, 2019, pp. 1-11.

22. Holzinger, A.; Malle, B.; Kieseberg, P.; Roth, PM.; Miiller, H.; Reihs, R.; Zatloukal, K. Towards the augmented
pathologist: Challenges of explainable-ai in digital pathology. arXiv preprint arXiv:1712.06657 2017.

23. Xie, Y.; Chen, M.; Kao, D.; Gao, G.; Chen, X. CheXplain: enabling physicians to explore and understand
data-driven, Al-enabled medical imaging analysis. In Proceedings of the Proceedings of the 2020 CHI
Conference on Human Factors in Computing Systems, 2020, pp. 1-13.

24. Yang, Q.; Hao, Y.;; Quan, K.; Yang, S.; Zhao, Y.; Kuleshov, V.; Wang, F. Harnessing biomedical literature to
calibrate clinicians’ trust in AI decision support systems. In Proceedings of the Proceedings of the 2023 CHI
Conference on Human Factors in Computing Systems, 2023, pp. 1-14.

25. Schwartz, ].M.; George, M.; Rossetti, S.C.; Dykes, P.C.; Minshall, S.R.; Lucas, E.; Cato, K.D. Factors
influencing clinician trust in predictive clinical decision support systems for in-hospital deterioration:
qualitative descriptive study. JMIR Human Factors 2022, 9, e33960.

26. Tonekaboni, S.; Joshi, S.; McCradden, M.D.; Goldenberg, A. What clinicians want: contextualizing explain-
able machine learning for clinical end use. In Proceedings of the Machine learning for healthcare conference.
PMLR, 2019, pp. 359-380.

27. Bharati, S.; Mondal, M.R.H.; Podder, P. A Review on Explainable Artificial Intelligence for Healthcare: Why,
How, and When? IEEE Transactions on Artificial Intelligence 2024, 5, 1429-1442. https:/ /doi.org/10.1109/tai.
2023.3266418.

28. Amann, J.; Blasimme, A.; Vayena, E.; Frey, D.; Madai, V.I.; Consortium, P. Explainability for artificial
intelligence in healthcare: a multidisciplinary perspective. BMC medical informatics and decision making 2020,
20, 1-9.

29. Sadeghi, Z.; Alizadehsani, R.; Cifci, M.A.; Kausar, S.; Rehman, R.; Mahanta, P; Bora, PK.; Almasri, A.;
Alkhawaldeh, R.S.; Hussain, S.; et al. A brief review of explainable artificial intelligence in healthcare. arXiv
preprint arXiv:2304.01543 2023.

30. Rober, T.E.; Goedhart, R.; Birbil, S. Clinicians” Voice: Fundamental Considerations for XAI in Healthcare.
arXiv preprint arXiv:2411.04855 2024.

31. Kushniruk, AW, et al. Issues and challenges in designing user interfaces for healthcare applications. In
Proceedings of the Studies in Health Technology and Informatics, 2011.

32. O’Sullivan, D.; Fraccaro, P.; Carson, E.; Weller, P. Decision time for clinical decision support systems. Clinical
medicine 2014, 14, 338-341.

33. Bhattacharya, A.; Ooge, J.; Stiglic, G.; Verbert, K. Directive Explanations for Monitoring the Risk of Diabetes
Onset: Introducing Directive Data-Centric Explanations and Combinations to Support What-If Explorations.
In Proceedings of the Proceedings of the 28th International Conference on Intelligent User Interfaces, 2023,
pp. 204-219.

34. Kwon, B.C.; Choi, M.J.; Kim, ].T.; Choi, E.; Kim, Y.B.; Kwon, S.; Sun, J.; Choo, J. Retainvis: Visual analytics
with interpretable and interactive recurrent neural networks on electronic medical records. IEEE transactions
on visualization and computer graphics 2018, 25, 299-309.

35. Rostamzadeh, N.; Abdullah, S.S.; Sedig, K. Visual analytics for electronic health records: a review. In
Proceedings of the Informatics. MDPI, 2021, Vol. 8, p. 12.

36. Dai, X.; Keane, M.T,; Shalloo, L.; Ruelle, E.; Byrne, RM. Counterfactual explanations for prediction and
diagnosis in XAL In Proceedings of the Proceedings of the 2022 AAAI/ACM Conference on Al, Ethics, and
Society, 2022, pp. 215-226.

37.  Mindlin, D.; Beer, F.; Sieger, L.N.; Heindorf, S.; Esposito, E.; Ngonga Ngomo, A.C.; Cimiano, P. Beyond
one-shot explanations: a systematic literature review of dialogue-based xAI approaches. Artificial Intelligence
Review 2025, 58, 81.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.1016/j.artint.2021.103525
https://doi.org/10.1016/j.artint.2021.103525
https://doi.org/10.1109/tai.2023.3266418
https://doi.org/10.1109/tai.2023.3266418
https://doi.org/10.20944/preprints202506.2267.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 June 2025 d0i:10.20944/preprints202506.2267.v1

25 of 26

38. Wang, Q.; Anikina, T,; Feldhus, N.; van Genabith, J.; Hennig, L.; Moller, S. LLMCheckup: Conversational
examination of large language models via interpretability tools. arXiv preprint arXiv:2401.12576 2024.

39. Feldhus, N.; Wang, Q.; Anikina, T.; Chopra, S.; Oguz, C.; Méller, S. InterroLang: Exploring NLP models and
datasets through dialogue-based explanations. arXiv preprint arXiv:2310.05592 2023.

40. Wen, B,; Norel, R;; Liu, J.; Stappenbeck, T.; Zulkernine, F.; Chen, H. Leveraging Large Language Models for
Patient Engagement: The Power of Conversational Al in Digital Health. arXiv preprint arXiv:2406.13659 2024.

41. Laranjo, L.; Dunn, A.G.; Tong, H.L.; Kocaballi, A.B.; Chen, J.; Bashir, R.; Surian, D.; Gallego, B.; Magrabi, F.;
Lau, A.Y,; et al. Conversational agents in healthcare: a systematic review. Journal of the American Medical
Informatics Association 2018, 25, 1248-1258.

42. Xing, Z.; Yu, F; Du, J.; Walker, ].S.; Paulson, C.B.; Mani, N.S.; Song, L. Conversational interfaces for health:
bibliometric analysis of grants, publications, and patents. Journal of medical Internet research 2019, 21, e14672.

43. Alowais, S.A.; Alghamdi, S.S.; Alsuhebany, N.; Alqahtani, T.; Alshaya, A.L; Almohareb, S.N.; Aldairem,
A.; Alrashed, M.; Bin Saleh, K.; Badreldin, H.A_; et al. Revolutionizing healthcare: the role of artificial
intelligence in clinical practice. BMC medical education 2023, 23, 689.

44. Kaufman, R.; Kirsh, D. Explainable AI And Visual Reasoning: Insights From Radiology. arXiv preprint
arXiv:2304.03318 2023.

45.  Sackett, D.L.; Rosenberg, W.M.; Gray, ].M.; Haynes, R.B.; Richardson, W.S. Evidence based medicine: what it
is and what it isn’t, 1996.

46. Gibney, E. Has your paper been used to train an Al model? Almost certainly. Nature 2024, 632, 715-716.

47. Wang, Z.; Cao, L.; Danek, B.; Jin, Q.; Lu, Z.; Sun, J. Accelerating clinical evidence synthesis with large
language models. arXiv preprint arXiv:2406.17755 2024.

48. Patel, R.; Brayne, A.; Hintzen, R.; Jaroslawicz, D.; Neculae, G.; Corneil, D. Retrieve to Explain: Evidence-
driven Predictions with Language Models. arXiv preprint arXiv:2402.04068 2024.

49. Procter, R.; Tolmie, P.; Rouncefield, M. Holding Al to account: challenges for the delivery of trustworthy Al
in healthcare. ACM Transactions on Computer-Human Interaction 2023, 30, 1-34.

50. Kent, D.M,; Shah, N.; colleagues. EHR-based prediction of Type 2 Diabetes in prediabetes patients using
machine learning. Journal of Biomedical Informatics 2022, 132, 104121.

51. Kourou, K;; Papageorgiou, E.I; Fotiadis, D.I. Integration of decision support systems into electronic health
records: A review of recent efforts. Health Informatics Journal 2021, 27, 840-857.

52. Spoladore, R.; Rossi, L.; Gatti, M.; et al.. OnT2D-DSS: An Ontology-Based Clinical Decision Support
System for Personalized Management of Type 2 Diabetes. In Proceedings of the Proceedings of the IEEE
International Conference on Bioinformatics and Biomedicine (BIBM). IEEE, 2024.

53. Grechuta, M.; Patel, A.; Singh, M.; et al. Exandra: A clinical decision support system for pharmacological
management in type 2 diabetes. Journal of Medical Systems 2025, 49, 45-56.

54. Ribeiro, M.T,; Singh, S.; Guestrin, C. Why should I trust you? Explaining the predictions of any classifier.
In Proceedings of the Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining. ACM, 2016, pp. 1135-1144.

55. Lundberg, S.M.; Lee, S.I. A unified approach to interpreting model predictions. In Proceedings of the
Advances in Neural Information Processing Systems, 2017, pp. 4765-4774.

56. Sundararajan, M.; Taly, A.; Yan, Q. Axiomatic attribution for deep networks. In Proceedings of the
Proceedings of the 34th International Conference on Machine Learning. PMLR, 2017, pp. 3319-3328.

57. Cao, T.; Raman, N.; Dervovic, D.; Tan, C. Characterizing multimodal long-form summarization: A case
study on financial reports. arXiv preprint arXiv:2404.06162 2024.

58. Bhattacharya, A.; Stumpf, S.; Gosak, L.; Stiglic, G.; Verbert, K. EXMOS: Explanatory Model Steering Through
Multifaceted Explanations and Data Configurations. In Proceedings of the Proceedings of the 2024 CHI
Conference on Human Factors in Computing Systems, 2024, pp. 1-27.

59. Chang, V,; Bailey, J.; Xu, Q.A.; Sun, Z. Pima Indians diabetes mellitus classification based on machine
learning (ML) algorithms. Neural Computing and Applications 2023, 35, 16157-16173.

60. Gomez, O.; Holter, S.; Yuan, J.; Bertini, E. Vice: Visual counterfactual explanations for machine learning
models. In Proceedings of the Proceedings of the 25th international conference on intelligent user interfaces,
2020, pp. 531-535.

61. Prolific. Prolific, 2014. Accessed: February 20, 2025.

62. Bhattacharya, A.; Stumpf, S.; De Croon, R.; Verbert, K. Explanatory Debiasing: Involving Domain Experts in
the Data Generation Process to Mitigate Representation Bias in Al Systems. arXiv preprint arXiv:2501.01441
2024.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202506.2267.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 June 2025 d0i:10.20944/preprints202506.2267.v1

26 of 26

63. Hoffman, RR.; Mueller, S.T.; Klein, G.; Litman, J. Metrics for explainable Al: Challenges and prospects.
arXiv preprint arXiv:1812.04608 2018.

64. Singh, R; Miller, T.; Sonenberg, L.; Velloso, E.; Vetere, F.; Howe, P; Dourish, P. An Actionability Assessment
Tool for Explainable Al arXiv preprint arXiv:2407.09516 2024.

65. Wijekoon, A.; Wiratunga, N.; Corsar, D.; Martin, K.; Nkisi-Orji, I.; Diaz-Agudo, B.; Bridge, D. XEQ Scale for
Evaluating XAI Experience Quality. arXiv preprint arXiv:2407.10662 2024.

66. Liao, Q.V,; Gruen, D.; Miller, S. Questioning the Al: informing design practices for explainable AI user
experiences. In Proceedings of the Proceedings of the 2020 CHI conference on human factors in computing
systems, 2020, pp. 1-15.

67. Clarke, V.; Braun, V. Thematic analysis. The journal of positive psychology 2017, 12, 297-298.

68. Fereday, J.; Muir-Cochrane, E. Demonstrating rigor using thematic analysis: A hybrid approach of inductive
and deductive coding and theme development. International journal of qualitative methods 2006, 5, 80-92.

69. O’Connor, C.; Joffe, H. Intercoder reliability in qualitative research: debates and practical guidelines.
International journal of qualitative methods 2020, 19, 1609406919899220.

70. Landis, J.R.; Koch, G.G. The measurement of observer agreement for categorical data. biometrics 1977, pp.
159-174.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and /or the editor(s)
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or
products referred to in the content.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202506.2267.v1
http://creativecommons.org/licenses/by/4.0/

