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Abstract
AI assistants are transforming creative and knowledge domains,
holding similar promise for mechanical design via 3D CAD soft-
ware. Yet, current AI assistance for CAD relies on geometry or
command history, lacking rich design intent. We investigate think-
aloud computing as a lightweight approach to capture designers’
spoken intent and inform how future AI assistance could leverage
this to provide in-situ feedback. Through a three-part study with
10 designers and 10 experts, we (1) recorded designers’ think-aloud
verbalizations during 3D modelling, (2) compared expert feedback
with and without think-aloud recordings, and (3) interviewed the
original designers to evaluate feedback quality. Findings show that
verbalizations surface rationale, future actions, and challenges —
insights absent from geometric and command data — that enable
feedback attuned to designers’ goals. By harnessing think-aloud
data, we uncover when to intervene, what to prompt, and charac-
teristics of effective feedback, paving the way for context-aware AI
assistance for CAD.

CCS Concepts
• Human-centered computing → Empirical studies in HCI; •
Applied computing→ Computer-aided design.
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1 Introduction
Generative AI (GenAI) is transforming creative and knowledge
domains, from code-recommendation systems [99, 107], to creative
writing support tools [130, 143], and data analysis assistants [32, 54].
Given this momentum, GenAI similarly holds significant potential
to disrupt the design of physical products, or hardware development.

Hardware development relies on mechanical CAD (computer-
aided design) software, which enables the creation, design, and
testing of 3Dmodels [118, 127]. Nowadays, CAD is an indispensable
tool that supports the entire hardware development process [120].
With the increasing uptake of AI, researchers have explored GenAI
support for specific CAD tasks [11, 34, 145], including providing
design inspiration [91, 144], alleviating design fixation [117], and
generating 3D geometries from text prompts [40, 86]. However,
mechanical designers still struggle to integrate GenAI in their day-
to-day work [48, 85], and the broader potential for GenAI to support
the entire CAD workflow remains largely underexplored.

A critical requirement for effective GenAI support is access to
rich, high-quality, contextual data about the design process. Ex-
isting CAD datasets capture users’ design activity through com-
mand histories [1, 29] or 3D geometries [38, 75, 133]. However, the
missing piece is the designer’s goals: what the designer is trying to
accomplish and why? While lack of context is not a new problem in
HCI [28, 39], the CAD workflow presents unique challenges. First,
CAD is a visual medium, in which information about the model
is rarely captured in text-based format, making it difficult to track
what has changed or why [18, 66]. Second, because of CAD’s para-
metric nature, the same geometry can be created using numerous
modelling strategies [80]; therefore, intent is not explicitly visible
in the final model and is difficult to interpret by humans or AI.
Third, working effectively in CAD requires specialized expertise
and procedural knowledge [105], so interpreting design activity
requires deep familiarity with the software environment and the
engineering domain. These factors leave much of the reasoning
behind CAD models inaccessible, underscoring the need to design
intelligent assistants that can meaningfully interpret and support
CAD workflows.

Capturing design intent is inherently challenging, as it is im-
possible to simply read a designer’s mind. To address this gap, we
leverage the concept of Think-Aloud Computing, a lightweight ap-
proach for recording designers’ think-aloud verbalizations during
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CAD modelling, introduced by Krosnick et al. in 2021 [78]. Think-
aloud computing provides rich, in-situ insights about the design
process (e.g., decisions, pending tasks) — precisely the contextual
information that AI systems require. While Krosnick et al.’s study
demonstrated the usefulness of capturing in-action context as doc-
umentation [78], we see think-aloud data as a promising avenue
for enabling contextually-aware AI assistance for CAD.

Realizing the potential of think-aloud computing requires a
deeper understanding of how designers’ verbalizations can be lever-
aged to assist designers in practice. If an AI assistant could access
and interpret a designer’s spoken intent, it could provide relevant,
in-situ support — such as suggesting improvements or alternative
workflows — a goal of HCI and learning research [3, 35, 92]. Al-
though Krosnick et al.’s paper offers the inspiration for our work, it
preceded the rise of GenAI and large language model (LLM)-based
tools, which are well-suited to interpret large volumes of textual
data. In light of these advances, and the need for contextually-aware
AI agents for CAD, it is timely to revisit think-aloud computing
and ask: where is the value in designers’ verbalizations, and
how can they be harnessed to support intelligent assistance?
Guided by this motivation, we ask the following research questions:

RQ1: What do designers verbalize while 3D CAD modelling?
RQ2: What aspects of designers’ verbalizations are most valuable

for understanding their design workflow?
RQ3: What feedback do experts provide, and how does access to

designers’ verbalizations influence feedback quality?
RQ4: How should designers’ verbalizations be leveraged to sup-

port contextually-aware AI assistance in CAD workflows?

To answer these questions, we conducted a three-part experimen-
tal study involving CAD designers and experts. Part 1 was a data
collection study in which we recorded think-aloud verbalizations
from 10 designers as they completed a CAD modelling task using
Autodesk Fusion software. In Part 2, 10 CAD experts reviewed the
designers’ recordings under two audio conditions (with and without
think-aloud data), and provided feedback on their design process.
Human experts possess the contextual sensitivity and deep domain
knowledge needed to provide rich, varied, and relevant feedback,
representing a benchmark for what next-generation AI systems
aim to achieve. Leveraging experts allows us to understand design-
ers’ perspectives on and needs for context-aware, in-situ support,
providing insights that are essential for advancing future AI tools
for CAD. In Part 3, we conducted follow-up interviews with the
original 10 designers to evaluate each piece of expert feedback. This
multi-phase design provides a comprehensive understanding of the
value of designers’ verbalizations and their potential to enhance
CAD work.

Our findings show that designers’ verbalizations reveal not only
design intent, but also workarounds and challenges — necessary
context for providing feedback on CAD work. Think-aloud data
was especially valuable for feedback on higher-level product con-
siderations, because it helped ensure that expert guidance aligned
with the designer’s goals. Overall, designers recognized the benefits
of thinking aloud, particularly when it enabled more context-aware
feedback. However, they faced challenges in determining which

verbalizations yielded the greatest payoff, highlighting opportuni-
ties for intelligent prompts that guide designers to articulate the
most relevant information.

Our paper makes the following contributions:

(1) A multi-phase study examining think-aloud computing from
the perspectives of CAD designers and experts.

(2) A qualitative investigation of the information surfaced in
designers’ verbalizations, combined with expert assessments
of which information is most valuable.

(3) Designer evaluations of 483 pieces of feedback, providing
insights into what constitutes effective feedback for CAD
work and where designers would welcome AI support.

(4) A discussion of think-aloud computing’s untapped poten-
tial to enhance AI assistance for CAD, and implications for
multimodal AI interaction and collaborative design.

2 Background & Related Work
2.1 Design Intent and Rationale in CAD

Workflows
In CAD work, designers create 3D models through a sequence of
modelling operations (e.g., sketches, extrudes). In the CAD domain,
design intent is defined as the reasoning behind why a model is
constructed in a particular way [45, 58], such that modifications
propagate intentionally and predictably [45, 103]. For example,
constraining a hole to the center of a face reflects the design intent
that the hole should remain centred even if the face dimensions
change. The same model can be created using several different
approaches, with some strategies more effectively expressing design
intent [2, 24], but there is no singular correct way, and even experts
adopt varied strategies [6, 80].

The ability to model with intent develops through experience [7],
drawing on declarative knowledge (using commands correctly) and
procedural knowledge (understanding when to apply certain strate-
gies) [4, 5]. Unlike declarative knowledge, procedural knowledge is
difficult to articulate [80] and develop, as it is rarely taught in class-
rooms [21], typically gained through apprenticeship-style learn-
ing [61].

CAD models embed design intent through the sequence of mod-
elling operations, but this information alone is insufficient to fully
communicate a designer’s broader goals and reasoning [2]. For ex-
ample, a model’s command history can show that a designer added
a fillet, but not whether the choice was motivated by aesthetics,
functional performance, or manufacturability. Likewise, constrain-
ing a hole to the center of a face expresses the design intent that
the hole should remain centred as the model changes, but does not
explain why that constraint matters (e.g., alignment requirements,
load considerations). Thus, CAD models embed design intent to
an extent, but not the designer’s higher-level goals, motivation,
or decision-making. In this paper, we refer to this broader, strate-
gic reasoning as design rationale, to distinguish from design intent,
which has a strict technical meaning in CAD [45, 58, 103].

The absence of accessible design rationale makes CAD models
difficult to reuse or alter [112], especially when they are initially cre-
ated by another designer [19]. Researchers have explored methods
for explicitly capturing this deeper, high-level design rationale, such
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as through annotating sketches [8] or 3D geometries [14]. In prac-
tice, however, documenting design rationale is tedious [123], and
usually occurs after completing the final artifact, yielding coarse
summaries that overlook the many intermediate decisions made
throughout the design process.

Prior research has highlighted the importance of design intent
and rationale in CAD; however, existing methods offer limited
means to capture and leverage them to support designers in situ.
Our study addresses this gap by investigating how rich design
rationale can be revealed from designers’ verbalizations and lever-
aged to provide in-action support, both making intent visible and
supporting the development of procedural knowledge.

2.2 Feedback in the Design Process
Feedback aims to improve skills [57], encourage reflection [42],
and promote iteration [76, 77]. Strategies for delivering effective
feedback have been studied in domains such as creative writing [3,
100], graphic design [20, 35], and product design [68, 92, 135].

Researchers have examined what makes feedback effective, in-
cluding type, modality, and timing. In classroom settings, Hattie and
Timperley identify feedback levels — task, process, self-regulation,
self — finding that task-related feedback is generally most effec-
tive, whereas self feedback (i.e., directed at the person rather than
the work) is least effective [57]. In design review contexts, feed-
back is often categorized along the dimensions of content and func-
tion [27, 64], and effective sessions typically include a balanced
mix of both [62]. Another important type of feedback is questions,
which encourage deeper design exploration. Taxonomies of ques-
tions in design distinguish between low-level questions that clarify
information (e.g., what is this dimension?), deep reasoning questions
that seek causal explanations (e.g., why is the bracket here?), and
generative questions that promote divergent thinking (e.g.,what
other materials can be used?) [15, 37, 50, 138]. Collectively, these
studies have established multiple frameworks and classifications of
feedback, which we draw on to guide our codebook for analyzing
expert-generated feedback.

In addition to feedback type, modality impacts feedback effec-
tiveness. Spoken feedback conveys higher-level insights, while non-
verbal cues like inflection or sighs signal nuance, like urgency [17].
Voice conveys the feedback-giver’s personality and tone, which
influences feedback perception [9, 92]. Beyond speech, other modal-
ities can similarly affect feedback outcomes; video-based feedback
is effective for CAD tasks, providing richer context than static
text [89]. These considerations inform our study design and how
we deliver expert-generated feedback to designers (see Section 3.1).

The timing of feedback also matters. Continuous feedback de-
livered throughout the design process reduces problems in the
final product [35]. To support in-situ guidance, researchers have
explored embedding feedback directly into design tools [35, 79]; ex-
amples include MicroMentor, which delivers on-demand 3-minute
help sessions for CAD users [68] and ReviewFlow, an AI-powered
assistant for academic peer reviewing [122].

Although feedback is well-studied, prior research in the CAD
domain has focused on formal contexts, such as design reviews
or classroom settings. Our work aims to understand how support

should be provided throughout the designers’ regular CAD mod-
elling process. Because effective feedback depends on contextual
relevance, we investigate how access to a designer’s verbalizations
of rationale can shape the type and quality of feedback they receive,
using these insights to inform the design of future AI support.

2.3 Think-Aloud Computing
Think-aloud is a method for gaining insights into a person’s thought
process [119], where participants continuously narrate what goes
through their mind while completing a task, offering a relatively
unobtrusive window into real-time reasoning [36, 46, 83]. Think-
aloud studies are often used to understand cognition during com-
plex tasks, and have become the prevailing experimental technique
for evaluating a system’s usability [12, 59, 72], or understanding
how people design [25, 30, 119].

Our work is inspired by Krosnick et al.’s Think-Aloud Computing,
an application of the think-aloud protocol to capture knowledge
during CAD work for generating documentation [78]. Think-aloud
computing was especially effective for CAD tasks, as the visual
and spatial nature of modelling makes it difficult to shift between
graphical manipulation and typing [78], aligning with prior find-
ings that verbalizing thoughts demands fewer cognitive resources
than writing [22, 49, 81], is faster and more natural [142], and en-
ables hands-free interaction [102]. While prior work has focused on
capturing verbalizations, it remains unexplored how these spoken
traces might be utilized beyond documentation. Our work addresses
this gap by exploring the potential of designers’ verbalizations to
inform the design of contextually-aware AI support.

The current state-of-the-art in think-aloud computing requires
designers to speak continuously, but it remains unclear which as-
pects of these verbalizations are most valuable for complementing
command and 3D geometry data. More structured prompting may
help address this challenge, and better support designers’ metacog-
nition [47, 124]. Prompts that encourage self-explanation can help
designers clarify reasoning, articulate assumptions, and organize
thoughts [128], supporting reflection in-action [114, 115]. For think-
aloud computing to be most effective, however, we must first un-
derstand how best to scaffold designers’ verbalizations.

Think-aloud has a long history as a research method, but the
practice of think-aloud computing is still evolving. Prior work has
shown that capturing designers’ verbalizations provides rich de-
sign process insights, but this data also holds untapped potential
for developing content-aware AI assistants. The rise of GenAI and
LLMs makes it timely to rethink the applications of think-aloud
computing. Our work explores how to maximize the usefulness of
designers’ verbalizations — both for supporting designers’ reflec-
tion and capturing design rationale — laying the groundwork for
contextually-aware AI support in CAD.

2.4 Context-Aware AI Assistant Tools
GenAI assistant tools are becoming increasingly integrated into
feature-rich software, providing targeted and flexible support [73,
87, 141]. AI assistants provide varied levels of automation: fully-
automated support is often preferred for simple, tedious tasks, while
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semi-automated tools that keep the human-in-the-loop [121] are bet-
ter suited for learning [136] and exploration [73]. A persistent chal-
lenge, however, is how to interpret user intent, a problem Hutchins
et al. describe as the gulf of execution — the difficulty of translating
intentions into desired system actions [65].

To bridge this gap, recent work has explored strategies for captur-
ing user intent during human-AI interaction [13, 132]. For instance,
prompting users to express intent through natural language [90],
scaffolding prompts to reduce repetition [124], using multi-modal
techniques for image generation [116, 131], and direct manipulation
to avoid ambiguities in natural language [94]. However, abstracting
one’s intent into actionable input for an AI system is metacog-
nitively challenging [113]. Users struggle with intent formulation
(expressing desired outcomes), disambiguation (providing sufficient
specificity), and resolution (evaluating whether generated results
match their goals) [109]. In UI design, for instance, novices lack the
terminology and wireframing skills needed to specify detailed inten-
tions [139]. To overcome these metacognitive challenges, Gmeiner
et al. proposed strategies for probing users about their background,
project goals, and design decisions [47, 48]. Yet, they caution that
excessive questioning can cause overreliance if designers defer too
readily to AI suggestions, emphasizing the need for future research
on when and how to provide support.

In addition to metacognitive challenges, context-aware AI sys-
tems face technical limitations. UI assistants excel at catching spe-
cific errors, but struggle with higher-level violations of design prin-
ciples — particularly later in the design process when surface-level
issues have already been resolved [33]. Programming assistants sim-
ilarly have difficulty maintaining an evolving understanding of the
developer’s high-level goals across code iterations [140]. Similar is-
sues arise in CAD, where LLM-based tools (e.g., CADialogue [146])
can accurately generate 3D geometry from user prompts (e.g., “two
intersecting cylinders, each with radius 15mm” ), but fail to retain
intent regarding the product’s expected behaviour during operation
(e.g., “the ball should drop and obstruct the return of the liquid” ) [146].

Across domains, practitioners consistently prefer interacting
with AI in the “native language” of their work — whether code for
software developers [98], or wireframes for UI designers [139]. By
extension, AI assistance for CAD should enable designers to remain
fully engaged in their 3D workspace. Our study investigates think-
aloud computing as a non-intrusive means to surface rationale
during CAD modelling. We analyze the value of designers’ spoken
reasoning and discuss design considerations for how systems might
prompt, capture, and utilize such information.

3 Methods
Our goal was to understand how designers’ think-aloud verbal-
izations help convey their rationale, and to identify opportunities
to maximize the value of these verbalizations. We conducted a
three-part experimental study (summarized in Figure 1). First, 10
designers participated in a think-aloud study while CAD modelling
in Autodesk Fusion software, an industry-standard CAD platform.
Second, 10 CAD experts reviewed the designers’ recordings and
provided feedback, enabling us to compare how they interpreted
and supported designers with and without access to verbalizations.

Finally, we conducted follow-up interviews with the original design-
ers to evaluate the experts’ feedback and share their perspectives
on think-aloud computing. This study was approved by our institu-
tion’s internal ethics review process.

For the study, we invited human experts to review and provide
feedback on the designers’ workflows, because they bring contex-
tual sensitivity, intuition, and domain knowledge that current AI
systems for CAD cannot yet deliver. In this role, the experts serve
as a benchmark for future, more advanced agents — setting a bar for
what a powerful AI assistant could achieve. By examining which
aspects of designers’ verbalizations are important to experts and
how they interpret them, we can identify the kinds of signals a
future AI assistant would need to recognize. Likewise, by studying
how designers perceive and respond to expert feedback, we learn
how designers ideally want to interact with such systems.

Using human experts in this way is conceptually similar to
Wizard-of-Oz (WOz) studies [71], which enable researchers to study
interaction design before the technological capabilities are fully
developed [26, 97], and use those insights to guide further develop-
ment [106]. WOz studies reveal challenges and ideal strategies for
interaction, helping to avoid “incorrect assumptions about user pref-
erences” [31]. In our case, because we want to understand designers’
perspectives on and needs for in-situ feedback (e.g., which types
of feedback are most helpful), experts are well-suited to provide
this feedback since they already have the necessary domain knowl-
edge. Overall, our goal is to establish a benchmark for future AI
assistance for CAD, and to outline directions for advancing toward
more capable AI-supported design workflows.

Figure 1: Overview of our three-part user study. Part 1 is a
45-minute think-aloud study with 10 designers completing a
CAD modelling task. Part 2 is a 90-minute interview with 10
experts reviewing and providing feedback on the designers’
recordings under two audio conditions (Think-Aloud and No-
Think-Aloud). Part 3 is a 60-minute follow-up interview with
the original designers, where they rated the expert feedback.
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3.1 Pilot Study
We conducted a pilot study to refine the design of all three parts of
the study. We piloted Part 1 with a novice designer with 4 years of
experience using Autodesk Fusion to verify that a 30-minute task
was sufficient to elicit rich think-aloud data without overburdening
participants. Part 2 was piloted with a principal engineer (14 years
of CAD instruction experience). Based on feedback, we increased
recording playback speed to 1.5x for efficiency, and revised the tran-
script presentation to display subtitles beneath the Fusion window,
preserving focus on the modelling process while maintaining acces-
sibility if audio was unclear. For Part 3, we conducted the follow-
up interview with the original designer. To streamline designer
interviews, we skipped directly to feedback moments rather than
replaying the full think-aloud session. The pilot revealed challenges
in locating precise segments, signalling when feedback ended, and
supporting recall for longer feedback. As such, we developed a slide-
based format for the interview: each slide displayed the relevant
screen recording, transcript, and rating questions (“Is this relevant?”
and “Is this helpful?” ).

3.2 Part 1: Modelling task with designers
Part 1 was a data collection study where 10 designers completed a
CAD modelling task while thinking aloud. Each study session was
45 minutes.

3.2.1 Participants. We recruited designers through a mailing list
of CAD users interested in user research. Prospective participants
completed a recruitment survey to express interest, verify eligibility,
and select their preferred task. The survey specified that participa-
tion involved a 45-minute design session and a 60-minute follow-up
interview. Eligible participants were contacted via email.

We targeted designers with 1–5 years of Autodesk Fusion ex-
perience and at least 1 hour of weekly use — experienced enough
to have completed projects using Fusion, but not so advanced that
expert feedback would be redundant. Participants also needed to be
fluent or professionally proficient in English. To help screen partici-
pants, the survey included open-ended questions about participants’
experience with Fusion (typical tasks and recent projects).

In addition to eligibility questions, participants indicated their
task preference (𝑇𝑐𝑟𝑒𝑎𝑡𝑒 : designing from scratch or 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒 : contin-
uing another person’s design, details in Section 3.2.3), and briefly
described the object they would design, if assigned 𝑇𝑐𝑟𝑒𝑎𝑡𝑒 . This
information allowed us to assess the suitability of their proposed
design for the study.

We assigned participants to their top-choice task until five were
assigned to that task, after which participants were assigned to the
other task. Of the 10 participants, nine received their top choice.
One participant (D6) was assigned to 𝑇𝑐𝑟𝑒𝑎𝑡𝑒 , despite preferring
𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒 ; we informed D6 and confirmed their agreement prior to
the study.

On average, participants had 7.2 (5–13) years of CAD experience,
3.5 (2–5) years of Autodesk Fusion experience, and 11 (1–24) hours
of weekly Fusion usage. Participants’ descriptive information is
summarized in Table 1. We recognize our participant pools (both de-
signers and experts) are heavily male-skewed, which unfortunately
reflects the broader gender imbalance in mechanical engineering,
where women represent only 10-15% of professionals [55, 134].

Table 1: Details of designer participants, including job role,
gender (W: woman; M: man), years of CAD experience, years
of Autodesk Fusion experience, hours of weekly Fusion use,
and task assigned to design.

ID Job Role Gender CAD Fusion Fusion Task
(years) (years) (hours/week)

D1 Hobbyist M 5 5 1 𝑇𝑐𝑟𝑒𝑎𝑡𝑒
D2 Maker M 5 3 8 𝑇𝑐𝑟𝑒𝑎𝑡𝑒
D3 PhD Student M 5 2 8 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒
D4 Design Engineer M 11 4 20 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒
D5 Design Engineer M 10 4 10 𝑇𝑐𝑟𝑒𝑎𝑡𝑒
D6 Student M 7 2 2 𝑇𝑐𝑟𝑒𝑎𝑡𝑒
D7 Industrial Designer W 5 5 24 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒
D8 Student M 10 3 10 𝑇𝑐𝑟𝑒𝑎𝑡𝑒
D9 Design Engineer M 6 5 23 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒
D10 Masters Student M 6 2 1 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒

3.2.2 Procedure. Each designer joined a 45-minute study session
conducted over Zoom. A researcher introduced the goals of the
study, reviewed the informed consent form, and confirmed their
task assignment.

Next, we provided the CAD modelling task instructions. De-
signers were asked to verbalize their thoughts as fully as possible
and reminded that another participant would later watch their
recording. To reduce performance pressure, we emphasized that
verbalizations did not need to be polished, but rather should capture
whatever came to mind. Illustrative examples included: “I’m trying
to...” or “It’s important to...” Designers were also told they did not
need to fully complete the design, but should work as they would
in a typical session.

Designers had 30 minutes for the modelling task, a duration
benchmarked against similar studies [70, 91, 95], and validated
through our pilot (Section 3.1). During the task, we audio-recorded
and screen-recorded their Fusion window. To protect participant
anonymity, we disabled video recording and replaced their Zoom
display name with “Participant.” The researcher’s video and audio
were also turned off to reduce observation effects, aiming to simu-
late a natural working environment. The researcher only spoke if
the designer stopped verbalizing for more than 15 seconds, provid-
ing a gentle nudge: “Please keep talking”.

After the 30-minute design task, participants completed a post-
task survey about their overall experience thinking-aloud (ques-
tions in Appendix A). Participants received a $100 USD gift card
for completing both the modelling task and follow-up interview
(Section 3.4).

3.2.3 CAD Modelling Tasks. Designers were assigned one of two
CAD modelling tasks: 𝑇𝑐𝑟𝑒𝑎𝑡𝑒 (designing from scratch) or 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒
(continuing someone else’s work). These tasks represent fundamen-
tal tasks routinely performed in industry, and have been adopted
in prior CAD studies [66, 91]. Including both tasks allows us to un-
derstand which aspects of verbalizations and feedback are broadly
useful versus those that are specific to certain scenarios. Partici-
pants’ final designs are shown in Fig. 2.

𝑇𝑐𝑟𝑒𝑎𝑡𝑒 : Designing from scratch. Participants could design any
product with a clear practical use (e.g., kitchen tool), rather than
a purely decorative item. In the recruitment survey, participants
described their intended design to ensure it met the functional
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Figure 2: CAD models that designers worked on in the Tcreate task (top) and Tcontinue task (bottom).

criterion. All participants selected a personal project they already
planned to work on. This task represented the most basic scenario
for the think-aloud protocol, as the observer had full visibility into
the design process from the beginning.

𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒 : Continuing someone else’s work. Participants were pro-
vided a partially completed CAD model to continue working on.
Each participant received a different incomplete model, requiring
them to work within the constraints of an existing design. While
the underlying structure was fixed, the task was intentionally open-
ended, where participants could create new parts or features as
they deemed appropriate.

We drew models of common household items (e.g., desk lamp)
from the Fusion 360 Gallery Dataset [133], and reverted the model
history to create an incomplete state. The file and components were
named to indicate the intended product, but participants had full
creative freedom in continuing the design. We sent the design file
(in .f3d format) to participants via Zoom chat.

This task reflects a common real-world scenario, where engineers
frequently inherit andmodify models created by others — e.g., when
a colleague is unavailable [19] or a component is reused in another
product [67]. Unlike designing from scratch (𝑇𝑐𝑟𝑒𝑎𝑡𝑒 ), this requires
the designer to infer the original designer’s rationale and navigate
an unfamiliar model. Observing participants’ verbalizations in this
context provided insight into the types of information often absent
from silent CAD artifacts.

3.2.4 Data Analysis. Participants’ verbalizations were automati-
cally captured and transcribed using Zoom. To segment speech into
utterances, we followed the methods outlined by Ericsson & Simon,
using pauses to define phrase boundaries [36]. Segmentation was
largely automated by Zoom, but transcripts were manually cleaned
to correct errors or merge split phrases. Across the 10 sessions,
participants verbalized 24,342 words spanning 1,165 utterances.

After data processing, we analyzed the designer utterances us-
ing a hybrid approach (combining inductive and deductive coding)
following Fereday & Muir-Cochrane’s six-step process [41]. We
based our preliminary codebook on the framework from Krosnick
et al. [78], which categorized speech into design intent, process, to-
do, problem, and important. To assess reliability, we first coded one
think-aloud session (10% of the transcripts). During this process,
we developed additional themes, such as reflection, and revised the
codebook (e.g., refining design intent to design rationale to more ac-
curately represent the verbalizations). We then applied the updated
codebook to the remaining transcripts. Throughout this process, the
authors iteratively discussed the codes to resolve disagreements and
share alternative interpretations. Our final codebook is provided in
Appendix B.

3.3 Part 2: Review task with experts
Part 2 was a mixed-design study [93] with 10 CAD experts. In a
90-minute session, each expert provided feedback on two design-
ers’ CAD task recordings from either 𝑇𝑐𝑟𝑒𝑎𝑡𝑒 or 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒 (between-
subjects), one with and one without the designer’s think-aloud au-
dio (within-subjects). Each session concludedwith a semi-structured
interview. Part 2 aimed to investigate how designers’ verbalizations
aid the interpretation of the design process and what types of feed-
back experts offer in response.

3.3.1 Participants. We recruited participants through the same
mailing list of CAD users from Part 1, using different criteria and a
separate recruitment survey.

We sought highly experienced CAD users (e.g., senior mechani-
cal engineers, CAD instructors) with at least 5 years of Autodesk
Fusion experience and at least 5 years of mentoring other CAD
users, prioritizing those with more experience. Participants also
needed to be fluent or professionally proficient in English. To fur-
ther ensure participant quality, the recruitment survey included
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Table 2: Details of expert participants, including job role,
gender (W: woman; M: man), years of CAD experience, years
of Autodesk Fusion experience, years of CAD mentoring
experience, and task assigned to review.

ID Job Role Gender CAD Fusion Mentoring Task
(years) (years) (years)

E1 Design Engineer M 18 6 10 𝑇𝑐𝑟𝑒𝑎𝑡𝑒
E2 Design Engineer M 23 10 10 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒
E3 College Instructor M 20 10 20 𝑇𝑐𝑟𝑒𝑎𝑡𝑒
E4 Owner/Trainer M 35 12 32 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒
E5 Owner M 12 8 6 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒
E6 Fabrication Specialist M 23 10 10 𝑇𝑐𝑟𝑒𝑎𝑡𝑒
E7 Mechanical Engineer M 15 10 12 𝑇𝑐𝑟𝑒𝑎𝑡𝑒
E8 Chief Design Officer M 20 10 20 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒
E9 CEO M 42 10 40 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒
E10 Lab Technician M 23 12 20 𝑇𝑐𝑟𝑒𝑎𝑡𝑒

two open-ended questions about their typical Fusion usage and
experience in CAD mentorship.

Participants averaged 22 (12–42) years of CAD experience, 9.8
(6–12) years of Fusion experience, and 18 (6–40) years of experience
assisting other CAD users, either formally (e.g., as a CAD instruc-
tor) or informally (e.g., workplace mentoring). Table 2 summarizes
demographics. Participants received a $135 USD gift card.

3.3.2 Procedure. Participants took part in a 90-minute session
conducted over Zoom. At the start of the session, a researcher
introduced the study’s goals, reviewed the informed consent form,
and provided task instructions.

Experts were asked to take on the role of a CAD mentor re-
viewing the work of two designers, one at a time. We informed
the experts that both designers had screen-recorded their CAD
modelling process, and one designer had also recorded their audio
narration of the process. Experts were instructed to watch (and
listen to, in the Think-Aloud condition) each recording, interpret
the designer’s process, and provide constructive feedback while
thinking-aloud. To avoid overlap with designer audio and simplify
transcription, experts paused the recording when speaking. If the
expert was silent for longer than 1 minute, we prompted: “What
are you thinking now?” Instructions regarding the type of feedback
were intentionally open-ended to avoid constraining the scope of
expert commentary. Experts could address any aspect of the mod-
elling workflow, ranging from effective software use (e.g., renaming
components), to high-level design considerations (e.g., improving
ergonomics).

The recordings were played at 1.5x speed, meaning a 30-minute
modelling session played in 20 minutes; in practice, review sessions
took longer due to pauses for feedback, averaging 32 minutes (23–
57) per designer, with each expert reviewing two designers. Record-
ings were played on the researcher’s computer, and screen-shared
over Zoom, where experts were given “remote control” access to
pause and play the video. We recorded the expert’s video and audio,
along with the shared screen, to document when feedback occurred
relative to the modelling process and to capture any mouse gestures.

Following each of the two review sessions, we asked the expert:
(1)Were there any parts of the process you found confusing or unclear?
What was the most confusing or unclear? and (2) How confident are
you in your understanding of what they were trying to do?

Finally, after both review tasks, we conducted a semi-structured
interview (approximately 15 minutes) to understand how experts
interpreted the designer’s process and what they found useful in
the think-aloud data (questions in Appendix C).

3.3.3 Mixed Study Design. The study was a mixed design, with
each expert reviewing one of two CAD modelling tasks (between-
subjects: 𝑇𝑐𝑟𝑒𝑎𝑡𝑒 , 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒 ), and each expert completing each of the
following two audio conditions (within-subjects, with condition
order counterbalanced):

• Think-Aloud: experts had access to the audio recording
and video subtitles.

• No-Think-Aloud: experts only reviewed the designers’
screen recording, without audio or transcript.

Five experts reviewed recordings from 𝑇𝑐𝑟𝑒𝑎𝑡𝑒 and five reviewed
recordings from 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒 . Within each task, designer recordings
were assigned to experts such that: (1) each designer’s recording
was reviewed by two different experts, once with audio and once
without, (2) each expert viewed a unique combination of record-
ings, and (3) the Think-Aloud/No-Think-Aloud condition order was
counterbalanced.

3.3.4 Data Analysis. To segment the expert feedback during the
review tasks, we again used natural pauses to signal boundaries
between feedback [36]. When multiple pieces of feedback occurred
in a single stretch, we split them using discourse markers, such
as “Another tip is...”. In total, the 10 experts produced 483 feedback
items, averaging 57 (3–198) words each.

We followed Fereday & Muir-Cochrane’s hybrid thematic anal-
ysis [41] to code each feedback item along two dimensions: topic
and type.

Feedback topic focused on the content of feedback within the
CAD context. As CAD is a software tool, we reviewed the literature
on software expertise [52], which distinguishes between low-level
aspects, such as UI (user interface) and command use, and high-
level aspects, such as domain knowledge. We also incorporated
frameworks from CAD expertise literature [5, 104], which classify
knowledge as declarative or procedural.

For feedback type, we considered how feedback was delivered
and its intended purpose. Given our focus on mechanical design, we
drew on design review literature [27, 64, 126], providing types such
as evaluation, (providing a judgement), recommendation (guiding
towards a desired state) [27, 64], and question types, such as low-
level, deep reasoning, and generative questions [15, 126]. Finally, we
consulted Hattie’s foundational framework [57], to situate these
design-specific categories within broader feedback literature.

After synthesizing the literature for feedback type and topic, we
applied the codebook to 10% of the data (49 feedback items), revised
codes and themes, and coded the remaining data. Ultimately, we de-
veloped four codes each for feedback topic type, with corresponding
sub-codes. Our codebook is presented in Appendix E.

For the semi-structured interviews, we sought to understand
what aspects of hearing designers’ verbalizations were most useful
(RQ2). We inductively coded the transcripts using Braun & Clarke’s
reflexive thematic analysis [10]. We considered both semantic and
latent levels [10] to reflect the explicit content of participants’ ac-
counts while drawing on our expertise in CAD to aid interpretation.
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We began with the familiarization phase through repeated reading
and annotating of the transcript. Next, we generated 115 initial
codes, which were iteratively grouped into 38 candidate themes
during the constructing themes phase. During the revising and defin-
ing themes phases, the authors collaboratively refined the candidate
themes in relation to both the dataset and our interpretive lens as
researchers, developing five final themes. Finally, for writing the
report phase, we named and defined the themes, highlighting the
aspects of verbalizations that helped the experts’ interpretation.

3.4 Part 3: Follow-up interview with designers
Part 3 was a follow-up interview study with the original design-
ers from Part 1, conducted on average 13 (4–20) days after the
initial modelling session. The interview began with a structured
section where designers reviewed and rated the expert’s feedback
on their CAD work. In the second part of the interview, we asked
semi-structured questions to understand how they evaluated the
feedback and their broader perspectives on think-aloud computing.
To preserve the richness of the feedback, we provided the experts’
original audio recordings. We also showed the screen recordings
because experts often used cursor gestures to reference specific
parts of the design, and to give designers visual context of their
work at the time of feedback.

3.4.1 Procedure. Participants joined a 60-minute study session via
Zoom, where the researcher began by reiterating the study’s goal,
reviewing the signed consent form, and providing task instructions.

The first part of the interview was structured. Designers were
shown the screen and audio recordings of each piece of expert
feedback, reviewing all feedback from one expert at a time. For
each piece of feedback, participants answered two yes/no ques-
tions: whether the feedback was relevant to their work at the time,
and whether it was helpful (either for the current task or similar
tasks in the future). After reviewing all feedback from one expert,
participants provided overall ratings using 7-point Likert-scale
questions, and verbally explained their responses. This process was
repeated for the second expert’s feedback, with condition order
(Think-Aloud/No-Think-Aloud) counterbalanced. The structured
portion averaged 38 (33–45) minutes per participant.

The second part of the interview was semi-structured (approx-
imately 15 minutes). We asked designers about their preferred
feedback session, how they judged relevance and helpfulness, ways
to improve feedback, and views on real-time CAD feedback (ques-
tions in Appendix D). We then presented participants with their
responses from the Part 1 post-task survey (regarding their attitudes
towards think-aloud computing) and asked whether they would
revise any of their original answers, after reflecting on their design
process and feedback.

3.4.2 Data Analysis. For the structured portion of the interview,
we analyzed designers’ ratings using descriptive statistics, including
(1) relevance and helpfulness of individual feedback, and (2) overall
session evaluations on 7-point Likert scales. We then compared
ratings between the Think-Aloud and No-Think-Aloud conditions.

To analyze the semi-structured portion of the interview, we
applied inductive coding using reflexive thematic analysis [10],
following the same six-step process described in Section 3.3.4. We

started with the familiarization phase and generated 174 initial
codes. During the constructing themes phase, we organized the codes
into 34 candidate themes, which were then collaboratively revised
and refined into seven themes. In the final phase, writing the report,
the final themes were grouped under two overarching themes: (1)
characteristics of feedback preferred by designers, and (2) designers’
general attitudes towards AI and think-aloud computing.

4 Findings
The findings are organized around the four research questions.
Quotes from designers (D1–D10) and experts (E1–E10) are labelled
accordingly.

4.1 Designer verbalizations (RQ1)
To understand the value in verbalizations, we first asked RQ1:What
do designers verbalize while CADmodelling? Designers’ utter-
ances fell into six categories: process, design rationale, challenges,
reflection, to-do, and other. In addition to expanding the categories
identified by Krosnick et al. [78], our analysis contributes an in-
depth view of the timing of verbalization topics throughout the
modelling process. Figure 3 illustrates timelines of each session and
the overall distribution of these categories.

Process.Designers described their ongoing or upcoming actions
in the modelling environment, such as: “Now, I’m creating a dimen-
sion from the center of the circle” (D9). Designers also provided more
granular accounts, such as clicking through menus or tools: “I will
go to the previous fillet tool, I will ‘edit resource’, and I will select ‘to-
gether”’ (D5). Overall, 35.5% of all utterances were process-related,
the most frequent category for 5/10 designers.

Design rationale. These utterances reflected designers’ rea-
soning, strategies, and guiding principles — the why behind their
actions. Designers shared their goals for the product’s intended
properties: “I want the hook to have not too steep a draft angle” (D6),
and functional requirements: “[the filter] has to tolerate about 3
bars of pressure, so it has to be quite strong” (D2). Beyond product
considerations, participants explained workflow choices: “I did a
new component, so I can manipulate it independently” (D8), and
articulated decision-making processes, “Let’s see how many [bolts]
we want. Probably 8, maybe even 10? Okay, that should be enough”
(D2). Design rationale accounted for 29.4% of total utterances, and
was the top category for 4/10 designers.

Challenge. Designers verbalized difficulties when actions did
not work as intended: “Wasn’t exactly what I was picturing” (D7), to
express confusion or frustration: “I still don’t know why it wouldn’t
let me edit the feature” (D7), or indicate a need for assistance: “There
has to be an easier way, but I don’t know how to do it faster” (D2).
Questions revealed information gaps or points where input would
be helpful: “What kind of shaped legs do I want? (D10), or “Is this
fine? I don’t know if this is what an electric kettle looks like” (D7).
Overall, 14.5% of utterances reflected challenges, the top category
for 1/10 designers.

Reflection. Designers paused modelling activity to evaluate
their work, such as to assess progress: “I’m realizing my L-shaped
base is not so thick like I want it” (D5), critique their work: “that
[hook] is ugly and probably not very strong” (D6), or express satis-
faction: “that looks good to me” (D10). Such moments sometimes
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Figure 3: Visualization of designers’ verbalizations during the 30-minute modelling session. The timeline plot (left) shows the
distribution of verbalization categories over time for each designer, grouped by task Tcreate (top) and Tcontinue (bottom). The
stacked bar chart (right) aggregates the total utterances per category, with white numbers indicating the number of utterances
in the most frequent category for each designer.

marked a checkpoint or milestone: “now I’m done with this com-
ponent” (D3). For 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒 designers, the modelling session often
began with reflection, as designers sought to make sense of the
in-progress design: “this area here looks like someone started a hinge,
so the fan can be moved up and down” (D4). Reflection accounted
for 12.3% of total utterances.

To-do. Designers frequently deferred decisions to later stages
in the process: “I want to make a way to attach [the phone holder] to
the bike itself, but I don’t feel like thinking that through yet” (D6).
To-do statements also flagged components that were still missing:
“we still need some kind of protective cover for the fan later on” (D4).
To-dos accounted for 2.2% of utterances.

Other. Designers also commented on the software, the study
environment, and other topics unrelated to the design task. Exam-
ples include: “I just switched from Mac to Windows” (D8) and “it’s
surprisingly harder doing this with an audience than one might think”
(D1). These accounted for 6.2% of all utterances.

4.2 Value in verbalizations (RQ2)
Having established the information available in designers’ verbal-
izations, we next answer RQ2: What aspects of a designer’s ver-
balizations are most valuable for understanding their work-
flow? Verbalizations conveyed designers’ goals, activities outside
the CAD environment, and the rationale behind their decisions,
while tone signalled frustration and shifts in confidence.

4.2.1 Knowing the designer’s goal and intended product. Designers
often began by stating what they planned to design, as shown in
Fig. 3. Without think-aloud data, experts relied on visual cues —
such as object shape or file names — to infer the designer’s inten-
tions. For example, one expert commented: “I see, it’s like a bolt or
cylinder. It would be very helpful if we saved this file under a name
so I can understand what’s going on” (E7), when the designer was

in fact modelling a glue stick, highlighting how visual information
alone can cause misinterpretation.

Beyond the intended object, experts valued knowing product
requirements, such as: “The designer started telling that it needs
to hold XY bars of pressure” (E6). Similarly, knowing the intended
manufacturing method allowed experts to tailor guidance: “If you’re
doing something for 3D printing, it’s different than designing for
injection molding” (E4).

4.2.2 Voice intonation. Experts noted that verbalizations were use-
ful not only in conveying what designers said, but how they said
it. Hesitation, uncertainty, or frustration signalled when designers
were struggling: “You got a sense of his frustration with things not
working the way that he wanted. [...] The first one, since I couldn’t
hear what he was thinking, I just sort of assumed he knew what he
was doing” (E4). When only observing on-screen activity, it is easy
to assume that designers are successfully executing their intended
actions, making challenges harder to detect.

Intonation also helped experts anticipate potential next steps, as
uncertainty or dissatisfaction in the designer’s voice suggested that
certain components might be revised or discarded: “you hear how
certain he is, you can guess maybe he throws it away in the future
and start new, because you can hear how himself feel about it” (E7).

Voice cues thus enabled experts to detect challenges, distinguish
between mistakes and deliberate decisions, and adjust feedback to
the designer’s certainty level.

4.2.3 Visibility into pauses between design activity. Designers some-
times paused their modelling activity in Fusion to think, problem-
solve, or take measurements, and verbalized their thoughts during
these moments. Without audio, these pauses appeared as gaps in
the recording: “You just stare at a blank screen of somebody moving
their mouse around for a minute while they figure out what to do”
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(E2). In reality, these pauses were moments when designers shared
rich insights, such as challenges or design reasoning.

Pauses in on-screen modelling activity also reflected design ac-
tions occurring in the physical environment that the software does
not capture. For example, D8 frequently stopped to take physical
measurements, verbalizing, “I’m going to make a second circle for
the actual head of the bolt. [...] I have an M5 bolt, and we can check
out the head diameter here.” Without the designer’s audio, E7 misin-
terpreted these pauses for errors: “Is the video paused? Maybe the
designer is aware he made a minor mistake” (E7).

In contrast, E3, who could hear D8’s verbalizations, understood
the reason for the pause and provided relevant, actionable feedback:
“Go to McMaster[-Carr], use the fastener feature. [...] Measuring a bolt,
you’re assuming that the manufacturer is holding to the standard and
that your bolts are measured to tighter accuracy than normal” (E3).
These examples illustrate how think-aloud verbalizations transform
pauses in activity into visible, meaningful cognitive work, capturing
insights not available in digital trace data.

4.2.4 Provisional design decisions. Designers occasionally created
temporary geometries as placeholders, intended to be later refined.
For example, D10 arranged the major components of a drone (e.g.,
motors, legs), representedwith primitive geometries (e.g., cylinders).
While modelling the camera, D10 explained: “Maybe I want to add
a camera as a placeholder? [...] I don’t really know what the camera
might look like. I’m imagining some kind of cube with a lens on it”
(D10). Without think-aloud data, temporary placeholders can be
mistaken for the final design goal.

Think-aloud data helped E5 interpret these actions accurately:
“I was able to follow with him. He said, ‘Okay, these are the motors.’
I know where he is at that point, where he’s trying to make motors,
but it’s one whole piece. Whereas if he had extruded that, I’d be like,
‘Okay, you just added an extra support for no reason.’” (E5).

In contrast, E9, who lacked access to D10’s think-aloud data,
interpreted the design at face value and focused on manufactura-
bility, seeing all features combined into a single solid mass: “The
structure of this thing. You don’t make composite materials like that
because they don’t have any strength” (E9). Lacking verbal context,
E9’s observations were dominated by manufacturing concerns, il-
lustrating how placeholders and temporary design work can be
misinterpreted without think-aloud data.

4.2.5 Rationale behind design decisions. Think-aloud data revealed
the reasoning behind a designer’s choices, clarifying the goals guid-
ing each action. For example, D6 iterated three times on a hook
mechanism. From screen recording alone, the activity showed only
repeated re-sketching of the hook’s profile. Expert E10, who did
not have think-aloud audio, could only speculate the reasons for
the changes: “They drew it once and then didn’t like it, so they drew
it a different way and then didn’t like it and then drew it a third time
and were comfortable with the way it looked” (E10).

The absence of design rationale limited the expert’s ability to in-
terpret and support the designer’s process. In reality, D6 verbalized
several design considerations, which documented each change to
the hook’s design, such as:

• “I’m going to delete that line so it’s a little more robust.”

• “I’ll try and make it kind of a steep angle before it hooks. That
way, it’s less than a 45-degree overhang for 3D printing.”

• “That’s still interfering when it slides in. Don’t want that.”

These utterances clarified the logic of each design change —
not only dissatisfaction with the hook’s appearance, but iterative
trade-offs between structural strength, manufacturability, and fit
within the assembly. With think-aloud data, another expert, E7,
could move beyond questioning what was drawn to probing the
designer’s choice of tensioning element: “The part with the hook
and the rubber band — although it’s crystal clear what it does — I
found he may want to use a spring. A spring would be the right thing
to use because of the physical properties” (E7). Think-aloud data
enabled experts to move beyond a surface reading of trial-and-error
modelling and consider higher-level product goals.

4.3 Characteristics of effective feedback (RQ3)
This section addresses RQ3: What feedback do experts provide,
and how does access to designers’ verbalizations influence
feedback quality? Designers evaluated feedback through ratings
and semi-structured interviews, sharing perspectives on relevance,
helpfulness, and overall quality.

4.3.1 Feedback type. Experts provided diverse feedback types:
questions, evaluations, recommendations, and observations. Ap-
pendix E provides descriptions and examples.

Effective feedback is actionable. Recommendations were the
preferred type of feedback, with 72% of suggestions and 70% of
directives rated helpful. Designers appreciated recommendations
because they were solution-oriented: “if I get this feedback, would it
help me to either accelerate my process or solve the problem?” (D3).
Pairing recommendations with explanations increased their effec-
tiveness, as experts clarified the reasoning behind the advice, for
example: “I would make a cone and trim it off because it’s more robust
than lofting” (E2). Recommendations with explanations were rated
helpful 86% of the time. However, purely explanatory feedback —
with no explicit call-to-action — was less useful: “Just based on this
description, I still don’t know how to make the change” (D3). De-
signers’ ratings also reflected this sentiment: only 31.7% of purely
explanatory feedback was rated helpful.

Positive evaluations provide confidence. Experts made evalu-
ations of the designers’ work, offering praise: “I like that he wants to
include tolerances, very good approach” (E7) and critique: “this sharp
edge is not good for a user-friendly thing” (E9). Positive evaluations
reassured designers that they were on the right track. For example,
when E3 commented: “Multi-region sketches. This is the right way to
go at it” (E3), D1 responded: “Good, I’m glad you like that. Yes, rele-
vant, helpful” (D1). Similarly, D2 reflected that a simple evaluation:
“It looks like a well-organized base point” (E2) was a beneficial sanity
check: “It’s helpful in that I got the confirmation that I’m not doing
anything really wrong” (D2). Even though positive evaluations were
not rated as highly helpful overall (57%), designers appreciated the
confidence boost they provided.

4.3.2 Feedback topic. Experts provided feedback across multiple
aspects of the CAD workflow, from software use, workflow strate-
gies, high-level product considerations, and comments about the
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Figure 4: Percentage of feedback rated as relevant (top) and
helpful (bottom) across four feedback topics: software, work-
flow, product, and designer. Feedback was collected under
two task conditions: Tcreate (circles), Tcontinue (squares); and
two audio conditions: Think-Aloud (arrowheads), No-Think-
Aloud (circle or square). The arrow points in the direction
from No-Think-Aloud to Think-Aloud. Colours indicate
which condition was rated higher: Think-Aloud (teal), No-
Think-Aloud (red). Sample sizes for each task and feedback
topic are also included on the right.

designer. Fig. 4 shows the percentage of feedback topics rated as
relevant and helpful by designers in Part 3.

Designers valued software and workflow feedback. Soft-
ware feedback comprised UI and specific Fusion commands, such
as “Use the shortcut. For extrusion, it’s the letter E” (E6). Workflow
feedback focused on modelling strategies, including feature or-
der, approach, and organization, such as “never fillet in a sketch,
you’re eliminating a nice point you could possibly use later” (E2).
Software and workflow feedback were consistently relevant and
helpful (Fig. 4). Workflow feedback helps build procedural knowl-
edge: “Especially as someone who uses Fusion casually, the tips about
‘have a master sketch’ would be super helpful, [and] would make
it more best practices” (D10). Software feedback was also highly
valued, as even experienced designers face challenges navigating
feature-rich CAD software. As D5 (10 years of CAD experience)
explained: “Unless you are a CAD guy who sits with Fusion all day,
you will not be used to all features at the same time. I used some
features 2 years ago, and I don’t recall how to use them.”

Product feedback can misalign with designer priorities.
Product feedback addressed higher-level design aspects, including
the design goal, physical form, and manufacturing considerations.
Overall, product feedback was less helpful and relevant compared

with software and workflow (Fig. 4), for both Think-Aloud and
No-Think-Aloud conditions. A common reason was a mismatch
between the feedback and the designer’s goals — e.g., giving manu-
facturing feedback during early conceptual design: “It’s like a very,
very rough, not even first draft. So giving very detailed feedback on
the design itself seems not that helpful because obviously the design
will change” (D10).

Think-Aloud improves product feedback. The gap between
Think-Aloud and No-Think-Aloud conditions was largest for de-
signers working on 𝑇𝑐𝑟𝑒𝑎𝑡𝑒 , where product feedback was rated 62%
helpful with Think-Aloud, versus only 28% without. 𝑇𝑐𝑟𝑒𝑎𝑡𝑒 design-
ers worked on a personal project with well-defined goals, creating
more opportunities for misaligned feedback. For example, one ex-
pert warned, “Are they going to create a welded look? Right now we
have an unmanufacturable part” (E3), but the feedback conflicted
with the intended manufacturing method: “No, because he’s thinking
this is going to be milled. It’s not milled, it’s 3D printed, so it doesn’t
apply” (D1). Think-aloud verbalizations made these considerations
visible, reducing the likelihood of completely off-target feedback
and allowing the designer to derive more value.

Designer-focused feedback offered little value. A small sub-
set of feedback focused on the person designing rather than the
CAD work itself, and was generally not relevant nor helpful (Fig. 4),
since they reflected observations about the individual rather than
actionable advice: “I think whoever is designing is a little bit nervous”
(E5). Only 19/483 feedback items were designer-related, and their
relevance ratings were varied, likely due to this small sample size.

4.3.3 Other feedback aspects. Beyond feedback type and topic,
designers noted other aspects that influenced feedback quality.

On-screen gesturing. Experts often used their mouse to gesture
on-screen, visually linking feedback to specific elements of the
Fusion interface. For example, experts pointed to sketches that the
designer should consult: “in ‘this’ timeline, the first sketch would
be ‘this’ one” (E9), or relevant commands: “Use the fastener feature.
It’s right ‘there”’ (E3). Such visual guidance reduced ambiguity and
supported designers’ learning: “It’s nice that he uses the mouse to
point to where the actual things are. Now I can really actionably
remember that” (D10).

Specificity. While designers appreciated precise feedback for
its actionability, overly specific guidance could be unhelpful if de-
signers lacked the domain knowledge to interpret it. For example,
D1 (a hobbyist designer) received feedback from E3: “We’re looking
for regions, not edges,” and responded, “I don’t know if it’s helpful
because I don’t know his terminology” (D1). Without understand-
ing the specific terms, designers struggled to interpret or act on
the advice. As D1 explained, “I have tried using the Fusion tutori-
als. But unless you know the particular phrase that you’re looking
for, it’s almost impossible to figure out what you need to ask” (D1).
Highly specific feedback must be paired with explanations to be
comprehensible and actionable.

Tone and phrasing. Lastly, the tone and phrasing affected de-
signers’ ratings. Designers appreciated engaging delivery: “It was
more expressive and it was easier to keep my attention on them. It
was kind of fun to listen to” (D7). Furthermore, phrasing affected
designers’ receptiveness: “When you frame it as ‘this design is bad
because of this,’ then it seems like it’s already bad. But when you
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Figure 5: Designer participants’ ratings of the expert feed-
back sessions on relevance, helpfulness, actionability, and
potential impact on their design process.

Figure 6: Designer participants’ preferred feedback session.
The feedback session from the Think-Aloud expert was the
preferred session most often.

frame it as ‘in future designs, this would be more usable,’ then it’s
something applicable instead of just a critique” (D10).

4.3.4 Participant’s preferred feedback session. Designers generally
rated feedback from Think-Aloud experts higher in relevance, help-
fulness, actionability, and potential impact on their design process
(Fig. 5), with most expressing a preference for this session (Fig. 6).
This preference was largely due to the lack of contextual under-
standing demonstrated by No-Think-Aloud experts, for example:
“Multiple times the person asked if I was working just from my head,
or if I was referring to some technical drawings and trying to replicate
that,” (D4) or: “He missed the beginning part where I said, ‘I’m going
to 3D print this.’ It’s not going on the space station, it’s just a phone
holder” (D1). These reflections reinforce that access to designers’
verbalizations not only improved experts’ interpretations, but also
enabled feedback that was more relevant, helpful, and aligned with
the designers’ goals.

4.4 General attitudes towards think-aloud
computing-enabled AI assistance (RQ4)

Our final research question, RQ4, asked: How should designers’
verbalizations be leveraged to support contextually-aware

Figure 7: Designer participants’ attitudes toward think-aloud
computing, measured immediately after the design task and
after receiving expert feedback (shown in slopegraphs). Teal
arrows indicate increases in agreement, red arrows indicate
decreases, and grey arrows indicate no change. Jitter has been
added to reduce overlap between lines. Each arrow is labelled
with the designer ID (D1-D10).

AI assistance in CAD workflows? We first examined designers’
attitudes toward think-aloud computing, then AI more broadly.

4.4.1 Think-aloud computing. We collected designers’ attitudes
toward think-aloud computing twice: immediately after modelling,
and again after rating experts’ feedback. Figure 7 shows each de-
signer’s responses and how they shifted across these two points.
We discuss these findings in terms of perceived effort, usefulness,
and designers’ openness to future use.

Effort of thinking-aloud (Fig. 7a-b): In line with earlier find-
ings by Krosnick et al. [78], most designers did not have trouble
thinking aloud. Ratings remained largely unchanged after hearing
the feedback; one exception was D1, who reflected that their initial
rating was influenced by the study environment: “Talking aloud
was a lot of effort, but normally, no, because I was more concerned
about being on camera” (D1). This suggests that thinking aloud
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is generally manageable, although situational factors (e.g., being
observed) can increase perceived effort.

Usefulness of thinking-aloud (Fig. 7c-e): Designers’ responses
were mixed, indicated by many diverging lines. Some designers be-
came more confident in the value of their think-aloud data (Fig. 7d)
after observing how it improved feedback quality: “I could really
tell the difference on the feedback from both of these people and how
that changed based on the audio. So I agree that the information was
useful” (D7). In contrast, D8 shifted their ratings downward (Fig. 7d-
e), realizing from the expert’s interpretations that they could have
shared a lot more information requested from experts: “I didn’t
mention how I was going to manufacture it [or] why I added such
a large tolerance [...] I knew I missed a lot of information, but now
having seen someone else read through it, I realize even more so how
much information I missed” (D8).

Participants also noted a trade-off between effort and verbaliza-
tion completeness: “If I had to explain everything very clearly, it
would change into a lecture and I would probably do like 5% of what
I did” (D4). These findings highlight the need to scaffold designers’
verbalizations toward the kinds of information that yield the great-
est payoff, supporting both AI interpretation and designers’ own
reflection.

Openness to thinking-aloud in the future (Fig. 7f): There was
a wide distribution of agreement. Designers who regularly think-
aloud were naturally more receptive: “Narrating the thought process
helps with keeping the mind uncluttered. I often do this when working
on my own” (D7). Others were skeptical, questioning its benefits:
“I don’t see any point to doing that” (D4). While most designers
maintained their initial stance, those who were most averse (D3, D4,
D8) became more open after seeing how verbalizations improved
feedback quality. As D8 reflected: “knowing that if I did speak out
loud, I could have live feedback, that would add some external benefit.”
Seeing the impact of their verbalizations shifted designers’ attitudes,
suggesting that AI tools capable of interpreting these cues could
deliver substantial value.

4.4.2 Visions of human-AI interaction. While designers did not
interact with AI during the study, the semi-structured interviews
allowed them to share their perspectives and visions for how AI
could support and integrate into their workflows.

Supporting skill development. Rather than full automation,
designers preferred an assistant that could support skill develop-
ment, akin to a tutor. Designer D1, a self-taught Fusion user, said:
“I don’t want AI just to do it for me, I want AI to teach me how to do it
properly.”

Keeping the user in control. Designers preferred to remain
in control of when the AI provides support, rather than having it
act autonomously: “I think it should be an optional feature because
I’m sure not everybody will like it or need it at all times” (D7), not-
ing that support may not be equally useful in all contexts. One
scenario where designers would initiate support is after repeated
unsuccessful attempts at a task: “If I spend quite a long time on a
specific feature, then I can just click ‘ask for help’ and get instant
advice” (D3). Other designers were open to AI-led suggestions, but
desired customization control over the AI’s accuracy: “As long as I
could maybe adjust the confidence it has, like if it’s 100% confident its
suggestion is accurate” (D8).

Enabling multi-turn conversation. Finally, when reflecting
on the expert feedback, designers expressed a desire for two-way
interaction: “If I could speak to this person directly, ask him for
something, and he could give me some advice. If this communication
was two-way, probably we could do better” (D4). This need for back-
and-forth exchange during help seeking suggests that multi-turn
conversational support would be a useful feature for a CAD AI
assistant.

4.4.3 When to intervene. While the eventual goal of AI assistance
is to support the entire CAD workflow, designers noted specific
scenarios where they would welcome intervention today. Prioritiz-
ing development in these areas could deliver immediate value to
designers and help build their confidence in future, more advanced
AI-assisted CAD systems.

Facing a challenge. Designers expressed that AI support would
be especially valuable during troubleshooting, since typical error
messages are often too vague to guide effective problem-solving:
“Usually when I have a mistake, I will definitely try to click and see
what the error is, but oftentimes it’s just not specific enough. It’s like
‘We can’t calculate...’, so I’m like, ‘what do I do about it?’” (D7). Aug-
menting thesemessages with AI-driven explanations and actionable
steps could greatly improve efficiency and reduce frustration: “If
the tool resembled this human insight, I would really enjoy it. Like
‘why is it not letting me shell?’ and then have the answer” (D7).

Exploring unfamiliarmodels.Designers noted difficultywork-
ing with models they did not create, which can occur during design
handoffs or when using models sourced online. For example, D3
struggled to locate a sketch amid a lengthy design history: “About
selecting the base sketch in the lamp, I was also trying to look for
some help on getting the right visualization there.” (D3). AI assis-
tance could provide a guided walkthrough of the model’s structure,
surface key design decisions and dependencies, and help designers
navigate unfamiliar work more efficiently.

Determining next steps. Designers also saw the value of sup-
port in deciding how to proceed with a design: “What should I do
with this model? If I could get more specific instructions at this point, I
would do things much more different” (D4). These reflections point to
design opportunities for future AI assistants to surface incomplete
tasks, relevant to-dos, or suggestions for next steps. Such guidance
could help mitigate the “blank page” problem and support smoother
continuation of the workflow, particularly when picking up work
from others, or progressing after a milestone.

5 Discussion
Here, we discuss our work’s main implications: opportunities for
future AI-assisted CAD tools, the potential for multimodal AI inter-
actions, and collaborative applications of think-aloud computing.

5.1 Opportunities for CAD AI Assistance
Our study is motivated by the need for more context-aware AI as-
sistants to support CAD work. Since such systems do not yet exist,
our goal is to contribute directions for moving toward this future.
To do so, we leveraged human experts, whose contextual sensitivity
and domain knowledge provide a benchmark for what future AI as-
sistance could aspire to. While it is unrealistic to expect AI systems
to identically replicate expert-level reasoning, we argue that they
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Figure 8: Framework illustrating how designers’ verbalizations are valuable for interpreting a designer’s CAD work. The nested
blue ovals represent what the designer knows (larger oval) and what the designer says (smaller oval). The nested yellow ovals
represent what an agent needs to know about the designer’s process and rationale (larger oval) and what an agent asks for to
build understanding in order to provide feedback for the designer (smaller oval). These oval boundaries represent the findings
from our study, while each shaded intersection highlights an opportunity that we identify and discuss for future think-aloud
computing systems (A-F, discussed in Sections 5.1.1– 5.1.6). The blank regions (what the designer knows but does not say +
what an agent needs to know but does not ask for) are also valid opportunities, but out of the scope of this work.

could approach such abilities in the future, and still offer designers
helpful guidance. To help enable this vision, we outline several
opportunities for developing think-aloud computing-enabled AI
tools.

Our study uncovered the information available in designers’
think-aloud data (Section 4.1), the information necessary for inter-
preting CAD work (Section 4.2), and the questions and feedback
given by experts (Section 4.3). Follow-up interviews with designers
further revealed the knowledge they had but did not verbalize (Sec-
tion 4.4.1). We synthesized these findings into the framework in
Fig. 8, illustrating the value of designers’ verbalizations and oppor-
tunities for future AI-driven think-aloud computing systems. The
blue ovals represent the designer’s knowledge (larger oval) and ver-
balizations (smaller oval). The yellow oval represents an agent’s in-
formation needs (larger oval) and requests for information (smaller
oval). The overlapping regions highlight where verbalizations meet
the agent’s informational needs, revealing where value emerges.
Each shaded overlap in the diagram (Fig. 8A-F) corresponds to a
distinct opportunity we contribute and discuss below.

5.1.1 Current value of verbalizations. Prior Think-Aloud Comput-
ing [78] work examined what designers say and speculated about
the kinds of information an AI would request. We represent this
overlap as the bright green area in Fig. 8C — i.e., the current value.
Our work expands this value by addressing additional regions of
the framework (Fig 8A, B, D-F), highlighting further opportuni-
ties where designers’ verbalizations can support more effective AI
assistance.

5.1.2 Scaffolding think-aloud (Fig. 8A). Designers generally did not
struggle to think aloud, but they often lacked a sense of which in-
formation was most important to share to produce helpful feedback.
As D4 recalled: “I was talking quite a lot. I was just saying some basic
things that are not very useful to the person watching.” This is an
opportunity to scaffold think-aloud practice, providing intelligent
prompts that guide designers toward articulating information that
provides agents with necessary context. Since experts expressed
that design rationale verbalizations were useful for following the
designer’s reasoning, such AI prompts could include questions like:
“how will you fabricate this?”; “have you considered using X feature
instead?”; “what is the goal of this component?”

Nevertheless, not all seemingly low-value talk should be discour-
aged. For example, verbatim narrations of button clicks (process
verbalizations) may appear redundant, but often, while verbalizing
process information, designers encounter a challenge — detectable
through frustration in their intonation — which designers them-
selves identified as moments when AI support is welcome. Thus,
effective scaffolding must strike a balance: steering verbalizations
toward higher-value content without stifling spontaneous cues that
can signal when the designer needs help.

5.1.3 Emphasizing potentially overlooked insights (Fig. 8B). Design-
ers sometimes verbalized critical information that the expert did not
request. These unprompted statements reveal gaps in the expert’s
understanding and provide context that shapes their interpretation
of the design. For example, D2 explained that the filter needed to
withstand a certain pressure, but neither expert had asked about
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design requirements. Nevertheless, E6 noted that this information
provided useful context about the designers’ background: “when
someone starts speaking with unit measurements, like bars [of pres-
sure], [they are] probably an engineer.” For future AI systems, captur-
ing and interpreting these unprompted yet important verbalizations
could help identify salient considerations that might otherwise be
missed.

This region also highlights a key distinction between experts
and AI: experts’ contextual sensitivity enables them to recognize
important information that AI may currently overlook. Studying
human experts allowed us to pinpoint where value lies in design-
ers’ verbalizations (Section 4.2). Information that is particularly
revealing for an expert (e.g., provisional design decisions, rationale
for workflow decisions) represents critical insights that future AI
systems should be trained to detect.

5.1.4 Prompting the designer (Fig. 8D). Designers often had impor-
tant information that was not verbalized, highlighting an opportu-
nity for intelligent prompting to encourage designers to commu-
nicate the information most important for an AI’s understanding
(e.g., the intended product, manufacturing method, Section 4.2).
Therefore, future AI tools should ask for this key information at
the start of a design session to establish appropriate context. For
example, such prompts could appear when designers create a new
component or switch between design tasks — moments when an
observer has the least insight into what will happen next, and con-
text is most needed. From a self-evaluation perspective, these are
also opportune moments to prompt self-reflection, as designers
evaluate one subtask and plan the next in relation to the overall
design goal. However, an ongoing challenge is to strike a balance
to avoid excessive interruption [51].

Feedback could be unhelpful because it was not specific to the
designer’s situation. For example, D2 dismissed general advice
about tolerances: “It’s relevant, but I know that if the feature is around
1mm, [my 3D printer] will print it quite well.” Interactive systems
supporting multi-turn dialogue (e.g., [47]), could address this issue,
allowing the designer to immediately respond (e.g., “No, my printer
can print this” ), while the AI follows up with targeted questions to
gather additional information. Eventually, such systems could learn
individual designers’ setups (e.g., 3D printer specifications), making
feedback increasingly tailored, context-aware, and actionable.

5.1.5 Delivering suggestions (Fig. 8E). Oftentimes, experts suggested
tools or approaches that designers were unaware of: “[The slice fea-
ture] is a helpful tool that I wouldn’t have known” (D10). As D5
noted, it is nearly impossible to “be used to all features at the same
time.” This gap highlights an opportunity for AI intervention to
suggest relevant tools and commands.

AI intervention would also circumvent the vocabulary prob-
lem [44]: where software users lack the correct terminology to
seek help (mentioned by D1). We found that step-by-step instruc-
tions are particularly useful when paired with explanations that
clarify how the advice applies to the designer’s situation (i.e., ex-
plainable AI [74]). AI systems could allow designers to describe
their intent and map intentions to relevant commands.

Importantly, these knowledge gaps can extend beyond software
commands to product-level decisions. For example, an AI system
could probe into choices, such as “what kind of bolts do you want to

use”, and suggest appropriate options if the designer is uncertain.
As we learned, uncertainty in a designer’s voice signals a need
for guidance, making it an opportune moment for AI intervention
and highlighting the potential for emotion recognition as a con-
textual cue. Researchers have investigated emotion detection in
speech [111], but reliably identifying complex emotions like frus-
tration or uncertainty remains difficult [69]. Recent work shows
that transformer models can infer subtle signals for speech emo-
tion recognition [129], suggesting that detecting nuanced cues is
increasingly within reach. In the immediate term, however, simpler
verbal cues, like challenge statements (e.g., “I don’t know,” “Is this
fine?” ; see Section 4.1), offer a practical path forward. Current LLM
capabilities can already detect and use these statements to infer
when designers may need assistance.

5.1.6 Supplementing think-aloud data (Fig. 8F). Sometimes agents
require information that designers do not verbalize, leaving gaps in
think-aloud data. Here lies an opportunity to supplement speech
with additional modalities that can capture aspects of design ra-
tionale not easily expressed in words (discussed further in Sec-
tion 5.2.2). For example, E10 proposed using visuals to prompt
explanation of design choices: “I would have wanted screenshots of
each of those hook designs and say, ‘You’ve picked this one, why?’”
(E10). Future AI assistant tools could proactively present designers
with design alternatives, eliminating the need to describe their in-
tended design from scratch. Prior work on AI-generated 3D model
alternatives has shown promise for inspiring creativity [91, 145],
but further work is needed to improve the designs’ robustness and
manufacturability [11, 48].

5.2 Supporting Multimodal AI Interaction
CAD is a visual and spatial medium, making designers’ high-level
goals and rationale inherently difficult to capture. We found that
this valuable context can indeed be surfaced through think-aloud
verbalizations. Looking ahead, we see the potential of multimodal
AI interaction, which can combine verbalizations with the rich geo-
metric data in CAD models, thereby complementing and enhancing
each modality [101]. We discuss two avenues for multimodal in-
teraction: think-aloud computing as an input to AI systems, and
enhancing AI feedback.

5.2.1 Multimodal AI input. Relying on natural language alone as
input for GenAI in CAD introduces significant translation overhead.
As D2 illustrated:

“If I have a thought in my head, it’s usually an image.
I need to translate it into words, and the AI needs to
translate it back into some geometrical thing. There’s
a lot of translation, and every time you translate
something, some of it gets lost or misunderstood.”

Combining voice input with cursor or gesture interactions is
valuable [23], since some ideas are easier to express verbally, while
others are more efficiently demonstrated directly in CAD. For exam-
ple, describing how parts should move relative to each other may
be easier with a few clicks in the CAD interface, whereas creating
an intricate repeating pattern is simpler to describe verbally (e.g.,
“I want a hexagonal pattern” ). Multimodal interaction allows de-
signers to do what feels most natural [110]. Other modalities could
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include bringing inspiration images into the CAD workspace to
give AI assistants richer context about the intended object, or cur-
sor movements to indicate the designer’s current focus, supporting
deixis [56] — references like “I want ‘this’ over ‘there’.”

Finally, physical gestures are a natural part of design. Prior work
has explored spatial hand gestures for 3D assembly [108] and 3D
sketching [110]. Although we did not formally code gestures, we
observed designers using their hands and measuring objects in the
physical world. Since important design work can occur outside the
CAD environment, think-aloud computing could help capture and
integrate these insights into digital design tools.

5.2.2 Augmenting AI feedback. In our study, experts provided guid-
ance verbally, but feedback could be augmented through multi-
modal interaction. Experts frequently used their mouse to point to
UI elements, directing designers towards Fusion commands or add-
ins — an approach AI could emulate. As discussed in Section 5.1.6,
AI assistants could also use visuals to present alternative design op-
tions and allow designers to select among them. Novice designers,
in particular, would benefit from these capabilities, as they often
rely on visual references and struggle to articulate intent using
domain-specific terminology [125].

Inspired by work on sketching on top of code [137], interactions
might include AI or designer annotations overlaid on 3D models.
Unlike CAD sketches, which are precise and used to generate ge-
ometry, these annotations could be quick, informal drawings that
support verbalizations — e.g., arrows showing where a bracket
should fit within a larger assembly. Prior work in sketch-based
interaction shows that highly accurate geometry can be produced
from designers’ hand drawings [84], demonstrating that freeform
sketching can serve as a powerful bridge between early reasoning
and parametric modelling. These developments illustrate the po-
tential for multimodal interactions to allow designers to work in
the mode of expression that feels most natural for the given task.

Think-aloud computing pairs CAD data with rich design ratio-
nale. By integrating additional modalities — gestures, annotations,
sketching — we can enable more context-aware, intuitive human-AI
interaction.

5.3 Collaborative Applications of Think-Aloud
Computing

While our study focused on designers working individually, our
findings have implications for supporting design collaboration. In
particular, 𝑇𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒 designers began their modelling session with
reflection utterances (Section 4.1), revealing a sensemaking process
as they interpreted cues from the design file to understand the
design objective, existing progress, and remaining work.

Think-aloud computing enables ambient capture of designers’
rationale, and with today’s NLP capabilities, spoken rationale can
be automatically summarized. This unlocks the possibility of com-
paring the original designer’s rationale with that of the current de-
signer to identify misalignments and intervene in a timely manner.
Think-aloud computing could bridge design handoffs [82], where
one designer’s work is continued or modified by another [19], espe-
cially facilitated by AI. While our study focuses onmechanical CAD,

think-aloud computing can benefit other domains, complement-
ing studies using annotations to convey design rationale during
handoffs for coding [60] or UI design [88].

Think-aloud computing can also support longer-term knowledge-
sharing infrastructure [96]. Consider a junior designer joining a
new company who needs to learn local standards, conventions, and
best practices. Captured think-aloud data — summarized and in-
dexed by AI — could support onboarding and upskilling by making
experienced designers’ reasoning accessible to others. This infor-
mation could populate internal repositories, enabling AI systems to
surface relevant precedents. For instance, if a designer is modelling
a joystick, AI could retrieve prior joystick designs to help guide the
design process, or surface the reasoning behind colleagues’ previ-
ous decisions, helping the designer make progress when they face
challenges.

Overall, think-aloud verbalizations not only enable context-aware
in-situ feedback, but also externalize designers’ rationale to be re-
tained, revisited, and shared, creating new opportunities for sus-
tained knowledge transfer and collaborative design.

5.4 Limitations & Future Work
We note the following limitations. First, the expert feedback was
evaluated through designers’ ratings of relevance and helpfulness,
which reflect personal preferences rather than objectivemeasures of
quality. However, this limitation also mirrors how humans evaluate
AI outputs in practice.

Second, due to scheduling constraints in coordinating two ex-
perts and a designer across different time zones, the designer and
expert sessions were conducted separately. This introduced a time
lag between the designer’s modelling session and follow-up inter-
view, which could have affected recall. To aid memory, we showed
participants snippets of their screen recordings. While designers
reported remembering the task clearly, fine-grained details of their
reasoning may still have been lost.

Third, because feedbackwas asynchronous, we could not observe
its helpfulness in real-time. Instead, we followed up with designers
to ask whether it might have changed their design process. While
interviews provided rich insights, they offer only a retrospective
view based on designers’ perceptions rather than evidence of in-situ
behaviour. In future work, we plan to develop a think-aloud com-
puting prototype based on our findings and design considerations,
capable of delivering in-situ feedback, allowing us to investigate
interruptibility [43], refine multi-turn conversation, and observe
how designers respond to AI feedback.

Fourth, our designer participants were novice to intermediate
CAD users, so we cannot generalize to expert designers. Nonethe-
less, even experienced designers (e.g., D5) found value in the feed-
back, suggesting AI support could benefit all experience levels.
Future research should therefore investigate what AI support is
most helpful for experts.

Finally, although our study used human experts to provide feed-
back, we do not view humans as substitutes for AI, nor was that our
intention. Expert performance served as a benchmark to illustrate
the kinds of contextual sensitivity future AI systems might aspire to,
therefore, future work is needed to apply our learnings and develop
AI systems that can move toward expert capabilities.
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6 Conclusion
Intelligent assistants hold immense, largely untapped potential for
supporting 3D CAD work, but capturing and interpreting rich de-
sign rationale has remained a challenge. We investigated this gap
through a three-part study with 10 designers and 10 experts, com-
bining designers’ think-aloud sessions, expert review and feedback
tasks, and semi-structured interviews. Our findings reveal critical
insights from designers’ verbalizations that are absent from com-
mand and geometric data, the characteristics of effective feedback,
and how AI can best support CAD workflows. Building on these
findings, we propose several promising avenues for the future of
AI assistant tools for CAD, enabled by think-aloud computing.
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A Part 1: Post-Task Survey Questions for
Designers

Please rate your level of agreement with each statement. [Options:
Strongly disagree; Disagree; Somewhat disagree; Neutral; Some-
what agree; Agree; Strongly agree]

• Talking aloud while designing was not a lot of effort.
• Talking aloud while designing did not interfere with my
workflow.

• Talking aloud while designing helped me think through de-
sign decisions.

• The information that I shared aloud was useful.
• I am confident that I said aloud all the important information.
• In the future, I could seemyself talking aloudwhile designing
in my regular workflow.

B Codebook for Designers’ Think-Aloud
Verbalizations

Our codebook for designers’ think-aloud verbalizations (Part 1) is
provided in Table 3.

C Part 2: Semi-Structured Interview Questions
for Experts

In the semi-structured interview portion of the study session with
experts, we asked the following questions:

• How did your experience differ between the two recordings?
• To what extent did you understand the designer’s processes
in each session?

• Was it useful to hear the designer in the [first/second] session
talk through their thoughts? Why or why not?

• What kinds of information did you feel weremissing in either
case?

• Is there anything (e.g., tool capability) that would have im-
proved your ability to follow the designer’s process?

D Part 3: Semi-Structured Interview Questions
for Designers

In the semi-structured interview portion of the study session with
designers, we asked the following questions:

• Which feedback session did you prefer? Why?
• What made the feedback helpful or not helpful for you?
• How could the feedback be improved?
• Howwould you feel about having helpful feedback instances
available in real-time, in the moment, while you’re working?

E Codebook for Expert Feedback
Our codebook for experts’ feedback (Part 2) is provided in Table 4.
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Table 3: Codebook for designers’ think-aloud verbalizations. The examples provided are real excerpts from our dataset. Codes
that were derived and adapted from Krosnick et al. [78] are indicated below.

Code Description Example References

Process Explaining the current or immediate actions Creating a new sketch there from the corner. [78]
Design Rationale Explaining high-level goals, requirements, or rea-

soning behind design choices or workflow ap-
proaches.

If I’m putting the camera in between here, then these
rails need to be parallel.

Adapted from “Design
Intent” [78].

Challenge Expressing uncertainty, difficulty, or confusion. I don’t remember if to make a loft I need to have actual
bodies or just a sketch.

Adapted from “Prob-
lem” [78].

Reflection Assessing or exploring the design. What we have now is some kind of motor mount. And
I think it looks probably reasonable.

To-Do Stating future actions or deferred steps in the design
process.

I can add fillets at the end. [78]

Other Comments about the software, study environment,
or other topics unrelated to the design.

I think my laptop’s being a little slow right now.

Table 4: Codebook for expert feedback. The examples provided are real excerpts from our dataset. Where applicable, we include
references to the literature.

Code: feedback topic Sub-code Description Example References

Software UI Interface elements, shortcuts, or naviga-
tion within the CAD tool.

Press ‘L’ to start a line. [52, 63]

Command Choice or use of specific features and
tools.

Use the fillet tool. [5, 52, 80]

Action Local instructions tied to a single mod-
elling move.

Constrain the center of the circle. [52, 104]

Workflow Feature order Sequencing of operations or managing
feature dependencies.

Chamfers and fillets should be done right
at the end.

[4, 52]

Approach Broader modelling strategies or philoso-
phies.

It’s always good to have one master sketch,
and you can make multiple sketches from
that.

[4, 52]

Organization Pacing, tidiness, or project housekeeping. Now would be a good time to save.

Product Design goal Intended purpose or requirements of the
design.

What is this part supposed to be?

Physical form Practical design considerations. We don’t want the drawer to jiggle under
the printer, because the printer has vibra-
tion.

Manufacturing Fabrication methods, tolerances, or mate-
rial considerations.

Composite materials can take a lot of com-
pression.

[52, 53]

Designer Designer Observations about the designer’s be-
haviour or style.

I think the designer is nervous.

Code: feedback type Sub-code Description Example References

Question Low-level Obtain missing details for basic under-
standing of the problem or progress

Are the legs 10 millimeters? [15, 16, 37, 50, 62, 138]

Deep reasoning Seek causal explanations of decisions or
outcomes.

Why use an As-Built joint instead of an
assembly joint?

[15, 16, 37, 50, 62]

Generative Support divergent thinking by imagining
possibilities.

How will this part be mounted? [15, 16, 37, 50, 62]

Evaluation Positive A value judgement or approval of an ac-
tion or result.

That was nicely done. [15, 16, 62]

Negative A value judgement that a choice is poor
or problematic.

This dimensioning is unacceptable-ish. [15, 16, 62]

Neutral An opinion or assessment. That’s a pretty standard setup. [15, 16, 62]
Recommendation Suggestion Offer an alternative or improvement as

an option.
You might place it in the larger assembly. [15, 16, 57, 62, 138]

Directive Strong indication or rule, presented as
something that must be done

Always dimension across the flats, not the
vertices.

Observation Explanatory Explain reasoning, background, or per-
sonal workflow.

STEP files are needed for laser cutters.

Interpretive React to what they saw and tried to make
sense of the concept or product.

Looks like it’s a piece of metal. [27]

Alerting Draw attention to an issue or potential
problem that requires awareness.

Make sure to check this overlapping geom-
etry.
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