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Figure 1: Output-oriented XAl is framed as a way to help humans decide whether to accept, modify, or reject an AI’s recom-
mendation or generated artifact. Process-oriented XAlI, in contrast, considers a workflow in which humans first reason without
Al support, then generate Al explanations and use them to refine or shape their reasoning before finalizing their decision.

Abstract

Generative Al (GenAl) has become ubiquitous across our personal
and professional lives, able to assist us with nearly any task thrown
its way. To help end users calibrate their reliance on and better
understand the outputs of GenAl, researchers have developed ex-
plainable generative AI (GenXAlI). However, this output-oriented
framing of XAI positions the user to focus on validating model
behavior, distracting them from engaging in their own reason-
ing process. To mitigate this, we propose reframing GenXAl as a
design space that reframes XAI techniques to support reasoning
throughout workflows, which we call process-oriented XAL In this
workshop paper, we instantiate process-oriented XAl in the first
GenXAlI Tool for Thought (TfT), which incorporates four XAI tech-
niques to support users in interpreting chest CT scans. Through a
think-aloud and semi-structured interview study with five medical
students and five radiology residents, we show how our Tool for
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Thought can shape clinical reasoning processes. We also discuss
the nuanced challenges of using GenXAI in Tools for Thought.
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1 Introduction

Traditional and generative artificial intelligence (Al) systems have
conventionally been designed and evaluated with an output-oriented
lens [19]. This type of approach skips the reasoning process im-
perative to decision-making and forces decision makers to jump
to a conclusion by either accepting, rejecting, or modifying the
AT’s prediction [24]. For example, an output-oriented approach in
a generative Al (GenAl) system may generate a natural language
impression of a patient’s chest CT scan, leaving the radiologist to
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decide whether to accept, reject, or modify the impression [17].
Recent work has identified several explainable GenAl (GenXAI)
techniques [16]! that aim to reveal the reasoning behind an Al
output (Figure 1), which could help radiologists better understand
a generative model’s behavior. However, explainable AI (XAI) solu-
tions continue to position users as judges of the model’s correctness,
distracting them from engaging in their own reasoning about the
data and the decision to be made. Furthermore, XAI techniques
applied in traditional Al systems have failed to consistently benefit
decision-makers to appropriately rely on Al recommendations [21].

Recent literature suggests that the design of Al systems should
depart from a recommendation-centric (output-oriented) approach
and focus on providing process-oriented support [24]. However,
this reframing leaves the role of Al explanations unclear, as XAI was
initially designed to support decision-makers while using output-
oriented Al systems. With the advances of GenAl, recent work
has shown that explanations generated by GenAlI can affect hu-
mans’ procedural knowledge [20] after Al-assisted learning tasks.
Other works have discussed the potential benefits of GenAl explana-
tions for critical thinking, reasoning, and learning in medical train-
ing [5, 12, 14]. Using cognitive psychology of explanations [8, 11] as
a research lens, we propose process-oriented XAI (Figure 1, right):
a design space that reframes XAI techniques as tools to support
processes throughout humans’ workflows, such as reasoning, be-
cause many XAI techniques already emulate human reasoning
patterns (i.e., counterfactual evidence, example-based reasoning,
and localization). The key distinction between process-oriented
XAI and both output-oriented XAI and interactive XAI systems is
that process-oriented XAI does not provide an Al recommendation
and instead positions XAI as Tools for Thought.

To explore the potential impact of process-oriented XAI on rea-
soning processes, we contribute the first GenXAI Tool for Thought,
featuring four XAI techniques for a multimodal GenAl model [22]
that generates chest CT scans. We chose the task of interpreting
CT scans because (1) it remains a core focus across the machine
learning (e.g., [17]) and human-computer interaction communities
(e.g., [23]) and (2) it allows us to explore multiple modalities of
explanations, ranging from visual to natural language. We then
conducted a think-aloud and semi-structured interview study with
five medical students and five radiology residents using our system
to better understand: (RQ1) How can XAI techniques support clinical
reasoning and critical thinking? (RQ2) What are the challenges of
using GenXAlI to design Tools for Thought?

2 GenXAlI Tool for Thought

We designed our GenXAI Tool for Thought as a thought partner to
support trainees’ clinical reasoning during CT scan interpretation.
It was mainly designed with clinical trainees (i.e., senior medical
students and junior radiology residents) in mind, as they are able
to reason about a CT scan but may still lack enough knowledge or
be prone to biases (e.g., recency bias and anchoring bias) to create a
comprehensive impression of a patient’s conditions on their own.

1GenXAlI consists of XAI methods that explain GenAl behavior as well as the use of
GenAl to explain other models [16].
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2.1 Interface & Interaction Design

We leverage an existing open-source medical imaging interface de-
veloped by the Open Health for Imaging Foundation [25] to create a
high-fidelity prototype. There are three components to the interface
as seen in Figure 2: (1) the patient vignette (showing clinical history
and chief complaint), (2) the viewing window (to review the original
patient CT scan and any generated CT scans), and (3) the ‘Al tools’
panel (where the GenXAI techniques are located). We had three
initial design goals for this system, inspired by Zhang and Reicherts
[24]: encouraging users to externalize their reasoning, designing
XAI support to be on-demand, and eliminating the AI’s prediction
to prioritize users’ reasoning process. Our system emulates these
design goals by intentionally not applying any of the ‘Al tools’ to
the patient’s CT scan, so the user cannot have the Al generate an
impression of it, as outcome-oriented systems would. Instead, the
user must externalize their reasoning about the patient’s CT scan.

2.2 GenXAI Techniques

Inspired by GenXAI techniques reviewed by Schneider [16] and
prototyped by Evirgen et al. [4] and Lin et al. [9], we implement four
GenXAl techniques and present them as ‘Al Tools’ in the interface.
As trainees reason about a patient’s CT scan, they can use the Al
tools to explore or confirm their interpretation, depending on how
well-defined it is. These tools aim to support clinical reasoning,
enable critical thinking, and foster learning, depending on how
users employ the tools’ outcomes (GenXAI artifacts). We describe
each ‘Al Tool’, artifact, and the clinical reasoning process they aim
to support below:

(© Similar Patients (Example-based Reasoning). Yildirim
et al. [23] discuss how radiologists may search for similar example
cases to help them reason. Therefore, we design a tool that allows
users to generate CT scans of similar abnormalities across different
underlying anatomies. This explanation technique (Figure 2.4) is
inspired by comparative explanations from Cai et al. [3] and the
example-based reasoning GenXAI technique [16]. In the interface,
three similar patient impressions are shown as suggestions to gen-
erate, including one prompt that reflects the patient’s CT scan and
two others that are variations or potential mimics of the patient’s
condition. Users can choose to generate one, which requires some
level of externalization of their own reasoning about the patient’s
CT scan. By comparing their patient’s CT with the generated CT,
the user may engage in critical thinking, as they expose their own
biases when interpreting the patient’s scan.

Variations (Counterfactual Generations). Reasoning by
comparing to variations of abnormalities can also be valuable [13].
This explanation technique (Figure 2.5) is implemented using a
prompt building interface and is based on the counterfactual gen-
erations technique [16]. Users can generate CT scans by building
prompt variations with different base abnormalities, severity, loca-
tions, and associated findings. Creating a variation requires users
to externalize their reasoning as they build the prompt.

Koy Important Regions (Attention Visualizations). Localizing
the abnormality is another important clinical reasoning process.
We implement this as a visual attention mechanism (Figure 2.6) that
overlays a heatmap on the generated CT scan, highlighting regions
most influenced by the prompt [2]. This tool only works on the
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Figure 2: GenXAI Tool for Thought interface design. (1) shows the patient vignette. (2) reveals the viewing window: (a) shows
the patient’s CT scan and (b) shows a generated CT scan based on a variation with important regions. (3) features the AI Tools.

generated CT scans, forcing users to reason about when and how to
use it. For example, users can highlight important regions to assess
the validity of a generation or to try to localize an abnormality.

& Natural Language Q&A (Surrogate Model). Lastly, seeking
information from external resources to help explain differences and
similarities between abnormalities is part of the clinical reasoning
process. Based on the GenXAI techniques described by Schneider
[16], the Q&A tool (Figure 2.7) provides preset explanations that
users can request for a specific slice of an Al-generated scan. This
feature is powered by Gemini 2.5 Flash. We chose to use Gemini
over GPT-5 because of its faster response time.

2.3 Semi-structured Interview Study

Sessions were conducted remotely via Teams/Zoom for an average
of 61.25 minutes (SD = 4.3 minutes). Participants first completed a

10-question Likert-scale survey on their perceptions of Al in health-
care [18] and then received a walkthrough of the interface and Al
tools. For the main task, each participant was given approximately
40 minutes to reason about two patient vignettes and to build a
four-slide case presentation for each. The vignettes were presented
in a random order to counterbalance. The remaining interview time
was used to reflect on the challenges on benefits of the XAI tools.

Participant Recruitment. Recruitment was through our clini-
cal collaborators’ networks. Participants were compensated with
an equivalent of 50 USD for the 60 minutes.

Preliminary Data Analysis. Data collection included screen
recordings, audio transcripts, and the case presentation decks. We
conducted a first-level preliminary analysis by process coding [15]
the interview transcripts to capture the tool’s impact on clinical
reasoning. We also conducted a preliminary round of structured
coding [15] to identify the challenges of designing with GenXAL
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3 Preliminary Findings on Impact & Challenges

We conducted one pilot study and then recruited ten trainees: five
4th-year medical students (M1-M5) and five junior radiology resi-
dents (R1-R5) from two different institutions. All participants for
the first vignette chose to review the vignette and perform a top-
to-bottom search of the CT scan before using the Al tools, despite
having access to them. Once they finished their initial reasoning,
they used different Al tools as needed. Below is a preliminary anal-
ysis of how we observed the Al tools shaping clinical reasoning.

Confirming own reasoning. When participants were more
confident about their impressions, the ‘Al Tools’ were “...helpful
more as a confirmation that I am thinking the right thing” (R1). R4
chose to generate a variation based on their initial impression “...to
see if that would match with the actual scan”. M4 similarly started
by generating a variation of their exact impression.

Identifying a starting point for reasoning. Interpreting chest
CT scans can be very difficult, especially for trainees. M1 actually
used the Al tools as a starting point for the second vignette without
reasoning about the CT scan, stating that “...the other tools don’t
work unless it’s Al-generated”. Although not directly observed, R1
acknowledged how these GenXAlI tools could be used “...as a start-
ing point to get its [AI] view on what does it think is going on and
potentially use that as a sounding room essentially to kind of get me
on a process to thinking about what this could even be...“.

Providing guidance throughout reasoning. When partici-
pants had a partial impression formed, they used the AI Tools to
seek guidance throughout reasoning. As M2 was going through
the patient CT scan, they sought out guidance from the important
regions tool saying, “I feel like I'm not very good at finding it [at-
electasis] and I wanted to just like get an impression of where it [AI]
thinks the atelectasis is [using the important regions], just cause then
if I see it on the Al-generated, then I think it might help me know
what to expect on the patient one.” M5 used the Q&A tool to “...have
it [AI] explain the mimics of abnormalities in this slice to get a sense
of its thought process here”.

Discerning differences between two concepts. Some partici-
pants leveraged the Variation Tool to try to discern the differences
between two pathologies (R2, M3, R4, R5) or the severity of a pathol-
ogy (R1, M2, M3, M4). M2 generated variations to help them finalize
their impression: “...I'll do small this time...to kind of confirm my
bias that there is a larger, more severe atelectasis...I guess my thought
process is more: ‘How do I determine if it’s small, moderate, or severe?”

INluminating biases in own reasoning. Some participants
uncovered (R1, R2) or attempted to uncover (M1, M4, R4) their own
biases. For example, R1 experienced how the Q&A Tool helped
them identify their own blind spots: “...So I mentioned hemothorax,
but I didn’t even mention all of these other possibilities...I think that
this is very, very useful to illuminate the blind spots that people may
have...”. R4 opted to use the Similar Patients Tool to “...see if there’s
anything different [or] things I'm missing”.

Navigating imperfect generations. A challenge in using gen-
erative methods is balancing between when imperfect generations
are helpful versus harmful. Lacking domain knowledge can make it
more difficult for users to identify when a generation is inaccurate.
For example, M3 said “If you’re someone with experience, you would
look at it and you would know. But someone like me wouldn’t know

Morrison et al.

everything. Nothing really looks imperfect to me”. On the other hand,
imperfections can be beneficial in jumpstarting the reasoning pro-
cess (“...having a direction, even if it’s not the right one from the very
beginning can help...” - R1) or slowing down the reasoning process
(“...it’s helpful to have a challenging viewpoint...” — M5).

Navigating confirmation bias. Even though participants found
the tool helpful because it did not replace their reasoning (R1, M3,
M4, M5, R4, R5), M3 felt that, given their lack of training in chest CT
scans, the tool enable confirmation bias: “...if I think it’s something,
I can get it to generate [that] to confirm what I'm thinking”.

4 Discussion & Future Work

We propose process-oriented XAl to reframe GenXAI as a Tool for
Thought. We contribute a GenXAI Tool for Thought to help clinical
trainees reason through interpreting chest CT scans. We conducted
a think-aloud and semi-structured interview study with ten clinical
trainees to capture how XAl techniques can shape clinical reasoning.
We discuss the implications of designing Tools for Thought with
GenXAI and suggest future directions to explore.

Uncertainty in the reasoning process drives the perceived
value of the tool. Users may fail to experience any benefits in
generating CT scans if they lack uncertainty in their reasoning
about the patient’s CT scan, because they may not see a reason to
explore or confirm anything. Although we did not interview attend-
ings, we suspect these tools may still benefit them by illuminating
biases in their own reasoning. Future work should explore how this
tool would affect the clinical reasoning of more knowledgeable or
overconfident users.

Imperfect explanations as a source of friction in the rea-
soning process. Imperfections have conventionally been regarded
as flaws in outcome-oriented Al systems, leaving expert decision-
makers and companies to abandon the algorithm [7]. However,
in a process-oriented manner in which these imperfections can
be easily ignored, verified, or integrated into one’s reasoning pro-
cess [24], these imperfections could be seen less as a flaw and more
as a design goal [6, 10]. Imperfections can prompt overconfident
thinkers to reconsider whether they are thinking about the case
correctly. However, this could lead less knowledgeable users into
unproductive or misleading lines of thought. Future work should
more closely examine the impact of imperfections on the reasoning
and critical thinking skills.

Quantitatively measuring impact through comparison of
initial and final impressions. Although we did not formally
record participants’ initial impressions of CT scans to compare
with their final impressions, we believe that this is a promising way
to measure the value added. For example, studies could consider
deskilling as a metric. Future work could also explore similarity
metrics and leverage LLMs-as-a-Judge (e.g., [1]) to score the added
value by comparing the initial and final impression.

5 Conclusion

Our preliminary analyses suggest that explainable GenAlI (GenXATI)
techniques may be a promising direction to explore when designing
Tools for Thought for clinical reasoning processes. We hope this
encourages further discussion around which XAI techniques to use
and how to evaluate their impact in Tools for Thought.
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