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Abstract: This paper explores how an artificial intelligence (AI) system acting as a collaborative partner can enhance the concept
development stage in engineering design and other ideation contexts. We introduce the concept of a “Disruptive Interjector” (DI), an
AI system that monitors user actions and offers suggestions based on those actions. We demonstrate its application in a human-subject
study focusing on collaborative teamwork. Specifically, we compare the performance of teams comprising two humans (HH) with teams
consisting of a human and an AI (HAI) in a design sketching task based on a given prompt. The results indicate that HAI teams
consistently generated ideas that received higher ratings from trained human judges compared to HH teams. Subsequently, this paper
makes three significant contributions to AI research and practice. First, it introduces the DI, a conceptual model of an AI designed
for divergent idea stimulation. Second, it provides insights into design considerations for creating such AI systems, particularly as AI
becomes increasingly integrated into various fields like engineering design. Finally, it offers a replicable method for conducting studies
involving AI and provides empirical evidence that AI can outperform humans as collaborative partners in concept development tasks.
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1. Introduction

The past few decades have witnessed the emergence of a class
of computer systems that implement artificial intelligence (AI)
with capabilities approaching humans in a variety of domains
such as detecting fractures and tumors in medicine [1–3], automat-
ing tasks in data science, generating art [4], and various kinds
of robotics and autonomous cars [5], among others. As a result
of this proliferation of AI systems, people are frequently collab-
orating [6] with AI in human–AI (HAI) teams spanning many
different contexts. There is therefore a need for researchers, prac-
titioners, decision-makers, and others to understand ways that
AI will influence everyday processes and outcomes. Many ques-
tions arise from prospective scenarios, such as what will happen
when an AI outperforms humans on common tasks at work,
and researchers are attempting to answer these questions regard-
ing technical, practical, philosophical, and other aspects of AI.
However, there exist few replicable examples—where an AI out-
performs humans—beyond strategy games like AlphaGo, chess,
the recent Cisero [7] that simulates diplomacy, and similar con-
tests. We propose a conceptual model of an AI collaborative
system comprising an HAI team similar to how such teams will
operate. In addition, we present a replicable method and empir-
ical evidence of HAI teams outperforming human–human (HH)
teams on a concept development task. The study’s findings reveal
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that participants who collaborated with an AI “teammate” and
followed its suggestions generated a higher quantity of ideas.
Moreover, these ideas were more frequently rated as “creative”
by experts, compared to those produced by teams of two humans
working on identical tasks.

In our model, we present a novel approach to developing
a class of AI systems known as the Disruptive Interjector (DI).
These systems observe human activities and interject with sug-
gestions to stimulate idea generation or problem-solving within
HAI teams. Unlike traditional creativity support systems, the DI
replaces one human teammate in an HH team with an AI to form
an HAI team. This approach encourages exploration of diverse
possibilities rather than converging on a single correct solution,
setting the DI apart from tutors, chatbots, recommenders, and
other similar systems. We outline a conceptual design for the DI
system and demonstrate its application using an open source sys-
tem (https://experiments.withgoogle.com/autodraw) that is based
on deep convolution neural networks (CNNs) [1].

By showing that HAI teams can outperform HH teams
in design tasks, we provide compelling empirical evidence of
AI’s potential in collaborative tasks. As we advance into the
next era of human-machine collaboration, this research con-
tributes to the conceptualization of a new class of AI systems.
These systems observe human actions and provide real-time sug-
gestions, empowering researchers to design and test innovative
concepts involving AI. Our demonstrated methods can be applied
to explore various environmental contexts, such as distributed
teams or mixed reality, and different modes of interaction during
collaboration, including gestures and nonverbal cues.
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Figure 1
AI collaborator model

2. Background

Collaboration [8] is necessary for achieving high perfor-
mance, and given today’s work environments with a growing
presence of AI agents, we anticipate humans to increasingly work
with machines in HAI teams [6]. During such collaboration,
exchanging ideas is a critical element and can be achieved using
audio or visual modes. Given the recent advances [9] in compu-
tational tools and methods in AI and machine learning (ML), we
propose an AI system that observes what a human is doing and
then provides images, text, or voice suggestions based on their
actions, as illustrated in Figure 1. In this paper, we implement
such a collaborative AI that provides visual (image) suggestions
in the moment, based on what a user is drawing. A varia-
tion of this setup can provide voice/text suggestions instead of
images.

2.1. Design and operation of the Disruptive
Interjector (DI)

The collaborative AI used in this study observes a person
and interjects with suggestions without waiting to take turns the
way humans do with each other, hence the “Disruptive Interjec-
tor” name. Conceptually, it comprises three parts: a human, an
AI system trained to match images and which has access to an
image database, and an interface that mediates the interactions
between the two. The human in this case is involved in a cognitive
task in which ideas on how to solve a specific task are gener-
ated and presented as sketches. A closer look at the other two
components—the interface and the AI—suffices.

Interface: an interface such as a web-connected tablet is suit-
able for this kind of task, given that the generated ideas are

sketched and captured sequentially. Capturing can be achieved in
several ways such as having a remote monitor record entire ses-
sions, transitions at the end of each idea just before the canvas is
cleared for a new idea, or by having the user capture screens of
each idea before resetting the canvas. Most important though is
the ability of having an AI remotely receive sketch marks as the
user proceeds with each sketch and then evaluate and respond
with visual suggestions. In the current implementation, the sug-
gestions are displayed on a designated area of the same interface,
but separate interfaces can be used for sketching and displaying
suggestions. In other alternative implementations where the AI
uses voice to make suggestions, a speaker or a combination of
speaker and text display may be used.

The AI: For this study, we used an AI fine-tuned using neural
networks on a set of approximately 1500 sketches from human
artists. The images spanned various categories of common items at
home, work, play, and travel, as well as animals, plants, and many
other groups. This AI matches an image with others in a database
and then returns multiple images as suggestions based on a set of
criteria. The criteria can be percentage accuracy of, say, 60% or
greater, or this can be the top 16 matches, for example. The AI
used for this study displays a varying number of suggestions from
one sketch to another, so a configuration based on percentage
accuracy suffices. It does not understand the task at hand nor the
context, so it makes suggestions based on close matches of the
sketch at any point with others in a remote database. This results
in the AI sometimes suggesting wild, off-topic images/ideas that
seem to be effective in inspiring new possibilities. While beyond
the scope of this paper, our initial direction was to develop an
AI tool to help engineers share ideas quickly and effectively, but
we realized that they were using the tool for inspiration rather
than adopting the suggested images for quick completion of their
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ideas, hence repurposed the tool for early concept development in
engineering design. This feature of sometimes suggesting wild, off-
topic ideas points to a possible reason the AI outperforms another
human collaborator.

2.2. Augmenting human abilities in
technology-mediated tasks

The study of technology-mediated tasks highlights how dig-
ital tools have long supported creativity and collaboration, from
early creativity support systems [10] to modern frameworks [11]
for HAI co-creation. Prior research by scholars like Kempkes
et al. [12], Tang et al. [13], Sinnemann and Weiss [14], and Abi
Saad and Agogué [15] comparing computer-mediated communi-
cation (CMC) with face-to-face (FTF) collaboration shows that
CMC tends to enhance idea generation (divergence), while FTF
more effectively filters and refines ideas (convergence). Concepts
such as representational gaps and “pivot thinking” underscore the
need to balance divergent and convergent processes, a role that
emerging AI systems may uniquely fulfill by dynamically bridging
these gaps. Building on earlier tools like the Problem Formula-
tor [16] and Baya et al.’s [17] Electronic Design Notebook, recent
systems such as Yun et al. [18] demonstrate how technology can
augment ideation. Our proposed DI extends these approaches by
using AI to spontaneously generate prompts like images, phrases,
or suggestions that emulate human collaboration and stimulate
new solution pathways in real time.

In fields such as engineering and business, teamwork is essen-
tial for tasks like concept design and ideation. These activities,
typically performed by groups of two or more people working
simultaneously, often lead to innovative ideas and products. Given
the value of creative ideas across various domains, researchers from
disciplines such as engineering [19], psychology [20], art [21], and
others have investigated the conditions and environments that fos-
ter creativity. Creativity is often defined as the ability to generate
new, surprising, and valuable ideas [21] or to find nonobvious solu-
tions through reframing problems [19]. Their findings highlight the
potential of technologies like AI to enhance human cognitive abili-
ties in tasks like concept development within engineering contexts.
This concept has long been anticipated by scholars and researchers.
For instance, Licklider [22] predicted that future human-machine
partnerships would excel at intellectual operations, while Simon
[23, 24] foresaw machines capable of performing a variety of
thinking tasks similar to those done by humans.

With regard to computers andAI, there aremany perspectives
thatcanguideourapproachtodesigning,developing,anddeploying
these systems in real-world applications. Sheridan and Verplank
[25], as well as recent ideas by Richardson et al. [26] and Moruzzi
andMargarido [27], for example, provideamodel for sharedcontrol
between humans and machines in the context of undersea vehicles
that presents one way of visualizing HAI collaboration.

The AI can extend, relieve, back up, or replace humans
depending on the circumstances, and we see this applied,
for example, in conventional driver assistance systems, though
different in context. Figure 2 shows an outline of HAI engage-
ment based on their model, and we build on the “Extending
capabilities” aspect in this study.

2.3. Measuring effectiveness of AI in engineering
teams’ concept design

To make any inferences on the effect of a technology inter-
vention on team outcomes, we require appropriate methods of

Figure 2
A model for human–AI collaboration

measuring these outcomes—for example, engineering design con-
cepts expressed through sketches. As might be expected, there is a
rich body of literature concerning this phenomenon. Arnold [19],
Dow [20], and others [28–32] have explored conditions and envi-
ronments that enhance people’s creativity—defined, for example,
as their ability to come up with new, surprising, and valuable ideas
[21, 33] or finding solutions that are far from obvious through a
shift in problem formulation [34]. Despite the disagreements on
the definition of creativity [35], there has been convergence in
attempts to define it, straddling the following three aspects:

1) The Gestalt position based on insight and productive thinking
that arises when one grasps the essential features and their
relationship to the solution, as proposed by Wertheimer in [36]

2) The person as emphasized by psychologist Guilford [37]
3) Characteristics of a product such as producing “effective sur-

prise” combined with a “shock of recognition” as viewed by
Bruner [38]

Others like Shah et al. [39] and Fiorineschi and Rotini
[40] associate creative design with idea generation and devel-
oped a criterion for novelty, variety, quality, and quantity of
ideas. Furthermore, they have introduced methodologies for sys-
tematically classifying design sketches generated in response to
specific prompts, emphasizing solution-focused ideation that eval-
uates both the output and its functional attributes. A different
take previously advanced by Weisberg and presented in Pichot
et al. [41] proposes that “a product is creative if it is novel, and
if it was produced intentionally,” regardless of whether it is of
value to anyone. He credits Csikszentmihalyi’s influential analysis
of creativity as having catapulted value into contemporary def-
initions [42] of creativity. However, a different suggestion from
Simonton [43] takes the definition from the United States Patents
and Trademarks Office (USPTO), which uses three criteria: new,
useful, and surprising (nonobvious), as a definition of creativity.
From this brief review of creativity definitions, it is clear that the
chosen definition will vary depending on the domain, whether it
be engineering, product design, psychology, or art. Cascini et al.
[44] add to Gero’s [45] previous work by distinguishing between
creativity residing in the artifact itself, which is then evaluated
by society, and the idea that certain processes can produce arti-
facts deemed creative. Relevant to our discussion is the assertion
that while the “creativeness” of an artifact is judged by society,

Pdf_Fol io:3 03



Artificial Intelligence and Applications Vol. 00 Iss. 00 2026

understanding these processes could help us learn how to foster
creativity in individuals.

In this discussion, creativity will be considered from a
product lens by evaluating the outcome of novice engineering
designers’ activity when asked to generate and sketch ideas on
how to accomplish given tasks. We narrow down to three char-
acteristics comprising aspects from the above discussion on past
efforts to describe creativity:

1) Weisberg’s [46] proposal that a product is creative if it is novel
and if it was produced intentionally, regardless of whether it is
of value [47] to anyone

2) One that exhibits “uncommonness” compared to others in the
group, in addition to being adaptive to reality as characterized
by Barron [48] or

3) As put differently by Newell et al. [49], one that demonstrates
novelty and appropriateness or value.

For this study, participants engaged in a controlled experi-
ment to create tasks that specify both an intended output (e.g.,
“a way to get a toddler into bed”) and a corresponding set of
functional requirements (e.g., “have a baby inside a bed”), which
are then systematically evaluated. Expert ratings is another viable
approach, though Shah et al.’s [39] systematic approach with its
methodical, consistent procedures has the benefits of producing
more comparable and replicable results [50].

2.4. The Disruptive Interjector (DI)—a different kind
of AI system

We examine a class of AI systems, illustrated in Figure 1,
which monitor human actions—such as sketching or

conversation—and periodically interject with visual, textual, or
vocal suggestions intended to guide the designer toward novel
and promising directions. This represents one of several potential
modes through which AI can enhance human capabilities in
ideation and concept development. To distinguish this class of
computational artifacts from others operating at a similar level
of abstraction such as recommender systems or cognitive tutors,
we introduce the term “Disruptive Interjector (DI).”

In other words, this is an interactive “hint giver or AI Col-
laborator” that is distinct from “chatbots/voice assistants,” hence
the name DI that characterizes the unsolicited interaction initiated
by the system during collaboration with a human. Several related
but distinct concepts operate at a similar conceptual level as the
DI system. These include cognitive tutors, recommender systems,
priming and anchoring, planning systems, and design systems, as
summarized in Tables 1 and 2 [51].

The following distinctions clarify how these systems differ
from the DI:

1) Cognitive tutor: operates with a higher level of expertise than
the learner, guiding them toward correct procedures. In con-
trast, the generative AI tool functions as a design partner. Its
knowledge may be equivalent to or even lower than that of
the human collaborator.

2) Recommender system: relies on a user’s prior selections to infer
preferences and generate new suggestions. While both systems
depend on user interaction, the generative AI tool exhibits lim-
ited contextual understanding, instead predicting and evolving
sketches in real time to suggest novel or tangential ideas that
may inspire new directions.

3) Priming/anchoring, planning, and design systems: depend
on independent sources of input rather than a user’s own

Table 1
Differences between AI generative partner (Disruptive Interjector) and other systems that observe/track user input and then

offer suggestions

Tool Goal Method Direction

Disruptive Interjector
(DI)

Lead a novice designer to imagine
new ideas

Tracks a user’s actions and interjects with
suggestions

Divergence

Cognitive tutor Guide the learner based on
their performance or level of
understanding

Observes user actions and adapts subse-
quent content to align with defined learning
objectives (applicable to routine procedural
tasks)

Diverge/converge

Recommender system Offer the user one or more options
from a larger collection, based
on their previous choices

Utilizes user preferences to generate targeted
recommendations that satisfy specified
criteria (for simple selection tasks like
choosing a movie to watch)

Convergence

Table 2
Differences between AI generative partner (Disruptive Interjector) and other systems that offer suggestions without needing

a user’s input

Tool Goal Method Direction

Priming/Anchoring Strategically offer a starting point to influence
the outcome toward the desired one

Influence a person’s decisions using a
given starting point of information

Convergence

Planning system Narrowing down to a solution offering
the best outcomes from a complex set of
options using available information

Determine combinations resulting in the
outcome offering the greatest benefits
using system metrics

Convergence

Design system Given a large set of options, optimally identify
solution(s) based on a preferred criterion

Reduce to the lowest cost difference
between the starting and final points

Convergence
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selections. This contrasts with the DI, cognitive tutor, and
recommender system, which adapt dynamically to the user’s
actions and evolving design process.

Notably, the generative AI system aims to diverge, as
opposed to the others, which converge toward a solution or
answer. This kind of divergence is desirable in the course of
idea generation, given that it may help resolve the “idea-fixation”
[52–55] phenomenon that inhibits people from considering other
possibilities.

3. Methodology

The methodology here provides insights into design consid-
erations for creating a collaborative AI system that functions as
a partner in an HAI team, especially as AI becomes increas-
ingly integrated into various domains. It then proceeds to offer a
replicable method for conducting studies involving AI that yield
empirical evidence demonstrating that AI can outperform humans
as collaborative partners in cognitive tasks like early-stage concept
development.

3.1. System design and implementation of the
Disruptive Interjector (DI)

This section aims to provide one implementation of the AI
system introduced earlier in Figure 1 and note that other imple-
mentations involving a voice/text conversational AI were explored
(though beyond the scope of this paper, so not discussed here).
The system comprises an interactive interface such as a touch-
screen, on which a human makes sketches that are relayed in real
time to a computer program—an AI in this case. The AI matches
the sketch with others in a curated library and then returns and
displays a subset of suggestions from the collection.

3.1.1. Training dataset for the AI
The training dataset is made up of 1540 images created by

professional artists involved with the Google AI experimentAu-
toDraw. While these sketches are relatively artistic with some
level of detail, they nevertheless work well for training the AI to
detect the in-the-moment human sketches created by participants
in our study, where ideas are generated with a focus on quick,
low-fidelity “sketchy” images as opposed to detailed drawings.
However, this is a relatively small number of sketches compared
to contemporary pre-trained classifiers. Figure 3 shows a sample
from the collection used to train the AI in AutoDraw.

3.1.2. Training algorithms incorporating pre-trained
ResNet-50

The ResNet-50 is a pre-trained deep CNN [56] used in image
recognition applications and has been applied—through transfer
learning—to many image classification tasks such as fault diag-
nosis in manufacturing [57] and in the classification of malaria
cells [58]. In a simplified form for our use, we take the first 49 lay-
ers of the ResNet-50 and add two new layers—a fully connected
layer and a Softmax classifier that are used to fit the class labels
of the provided sketches.

The next step involves training a neural network to map
new images to the closest matching image(s) in the dataset.
Figure 4 outlines the process, which proceeds iteratively between
data preparation, training, and evaluation stages. Once a suffi-
cient level of accuracy is obtained, the model predicts which of
the sketches in the existing database matches one that a human is
sketching in real time.

Typical hyperparameters for this ResNet-50-based system are
AdamW optimizer; learning rate of 3e-4 (cosine decay); batch size
of 32 or 64; 20, 40, or 60 epochs; and CrossEntropyLoss as the
loss function.

Figure 3
A sample of sketches used in training the AutoDraw AI
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Figure 4
Outline of process for training the AI

3.1.3. Customization
In most image classification tasks, a single correct answer is

often desired for decision-making—such as recognizing a face to
grant access and a street sign or other object to determine course
of action, among others. For our system design of the AI, we seek
multiple suggestions from the database as opposed to the one best
prediction. This presents several options: we can restrict the output
to, say, the top 10 or take all candidates with an accuracy above
50%, for instance. The latter is preferable given the task at hand,
since we are using the system as an inspiration for new ideas, as
opposed to finding a correct answer.

3.2. Study setup

Thirty-five senior undergraduates and beginning graduate
students participated in the study exploring the impact of an AI
as a collaborator in place of another human. They were randomly
placed in either an HH team or an HAI team, as illustrated in
Figure 5. Within these participants, 27 (77%) were men, and 8
(23%) were female, aged 21–32 years, with a median of 23. They
were enrolled in cross-disciplinary programs including engineering
and design, among others, and were familiar with using sketching
to express ideas in their classes. The level of engineering design
experience and sketching to express ideas was thus controlled for.

Figure 5
Team configuration for human–human (HH) and human–AI (HAI) teams
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They had a wide variety of national and cultural backgrounds
including the USA and were fluent in English. They participated
in accordance with the University’s Institutional Review Board
(IRB) approved protocol.

Participants received orientation and then completed two
consecutive design tasks, each lasting approximately 7 min. In the
HH condition, the AI sketching assistant was turned off. Each
session began with an initial brainstorming phase, after which
participants selected a final concept from their generated ideas.

The design prompts were crowdsourced from a diverse pool
of novice and experienced engineering designers who contributed
examples of meaningful but challenging real-world problems they
had recently faced. From more than two dozen submissions, two
prompts were chosen for their abstractness, general relevance, and
potential for reinterpretation:

1) Design a way to get a toddler into bed.
2) Design a way to transport your computer on campus.

Following the sketching activities, participants completed
a questionnaire and an exit interview aimed at understanding
their design reasoning, collaborative dynamics, and interaction
experiences with either a human or an AI partner. Addi-
tional data collected encompassed participant demographics (age,
design training, cultural background, and teamwork prefer-
ences), timing data for each session (start and end times), sketch
counts and timestamps, and the type of collaborator (human or
AI). Finally, two trained evaluators independently assessed the
resulting sketches for novelty and usefulness [27].

3.3. Study procedure

Participants were invited to take part in the study via email.
The experiment was carried out in a dedicated room on a uni-
versity campus designed for human-subject research, as well as
in an off-campus facility approved by the university’s IRB. Prior
to participation, each individual read and signed a printed con-
sent form. They then received an orientation on how to use the
web-based sketching application on a tablet. The procedure dif-
fered slightly depending on whether participants were paired with
another human or an AI agent. All participants practiced using
the sketching tool and learned how to capture screenshots of their
ideas before beginning the main study.

After orientation, participants completed two consecutive
7-min design tasks. The first required designing a solution for
another person, followed immediately by the second one that

focused on designing for themselves. Each session began with idea
generation and sketching, followed by the selection of one final
concept representing their best idea. Participants used a stylus
for sketching, with one stylus per person in HH pairs and one
shared stylus in HAI pairs. The sketching web application ran on
the same platform for both conditions, with the distinction that
the AI suggestion feature was disabled for HH teams. Table 3
summarizes the specific instructions provided to participants.

Participants were notified midway through each task and
again 1 min before the end to help them manage their time.
The second task began immediately after the first. A few par-
ticipants (approximately three) asked whether they could include
“any” ideas—specifically, unconventional or “crazy” ones—and
were informed that such ideas were acceptable. While this clar-
ification may have slightly influenced their creative exploration,
the impact was considered minimal, as these ideas still needed
to demonstrate usefulness, consistent with the study’s operational
definition of creativity.

Afterward, they filled out a questionnaire capturing demo-
graphic information, level of design experience, and preference for
collaborative work. This was followed by a semi-structured team
interview designed to explore the strategies used in idea genera-
tion and selection and to compare their experiences collaborating
with either another human or an AI partner. Participants were
asked two central questions:

1) To describe the process, they followed when generating ideas
in collaboration with their partner (or the AI agent, for HAI
teams).

2) To explain how they selected their best idea and the strategies
that guided each of these steps.

3.4. The data collected

Throughout the study, we recorded the start and end times of
each design round, the number of sketches produced along with
their timestamps, and whether the participant collaborated with
a human partner or an AI agent. After completing the sketching
sessions, each participant filled out an individual questionnaire
in a private setting. This questionnaire gathered information
on demographic attributes such as age, level of design training,
cultural background, and self-reported affinity for teamwork.

Following the questionnaire, participants took part in a semi-
structured interview that explored the strategies they employed in

Table 3
Instructions given to HH and HAI study participants

Human–human (HH) pair Human–artificial intelligence (HAI) pair

1. You will collaborate with a partner on a design task 1. You will collaborate with an intelligent computer app on a
design task

2. You have 2 tasks to complete, with 7 min for the first task
and 7 min for the second

2. You have 2 tasks to complete, with
7 min for the first task and 7 min for the second

3. Draw/sketch as many options as you can come up with,
saving each sketch before starting the next version. Both
quantity and quality of ideas matter. Save each drawing by
taking a screenshot on the tablet before starting the next one

3. Draw/sketch as many options as you can come up with, saving
each sketch before starting the next version. Both quantity
and quality of ideas matter. Save each drawing by taking a
screenshot on the tablet before starting the next one

4. You may accept each other’s ideas as is, decline them, or
combine them with yours to make new ones as you see fit

4. You may accept the app’s suggestions as is, decline them, or
combine them with your own to make new ones as you see fit

5. Let’s practice using the app 5. Let’s practice using the app
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Table 4
Summary of data collection

Stage Activities

Recruitment and Invitation Participants were invited via email containing study details, location, and researcher contact
information

Consent and Onboarding Participants reviewed and signed informed consent forms and were briefed on the study
procedures

Tool Orientation and Practice Participants received an orientation to the tablet-based sketching application, practiced
sketching and capturing screenshots, and learned task procedures; orientation varied
slightly by collaboration condition (HH vs HAI)

Design Task 1 (Design for Others) Participants completed a 7-min design task involving idea generation through sketching and
selection of a final concept; time reminders were provided

Design Task 2 (Design for Self) Participants immediately completed a second 7-min design task with a new prompt,
following the same sketching and selection process

Questionnaire Participants completed an individual survey collecting demographic information, design
experience, cultural background, and collaboration preferences

Semi-Structured Interview Teams participated in a short interview exploring idea generation strategies, idea selection
processes, and collaboration experiences with a human or AI partner

System and Artifact Logging Automated logs recorded task timing, sketch timestamps, collaboration condition, and final
idea selection duration

Data Archiving and Anonymization All sketches, logs, survey responses, and interview recordings were anonymized and securely
stored with date and time stamps

both idea generation and idea selection across the two tasks. The
final dataset comprised:

1) 263 sketches (ranging from 8 to 15 per team),
2) Time logs showing how long participants took to choose their

final idea,
3) Individual survey responses (one per participant), and
4) Audio recordings of debriefing interviews (one per team,

lasting 1–5 min).

All data were anonymized and stored with date and time
stamps. Table 4 summarizes the stages and activities involved in
the data collection process. This is the data that was eventually
rated for creativity based on two metrics—usefulness and novelty.

4. Experiment Results

The complete set of sketches underwent an initial data val-
idation process to identify and correct any errors or anomalies.
This review revealed instances of invalid data from teams that did
not adhere to the study guidelines, for example, by sketching mul-
tiple ideas on a single canvas. Additional irregularities included
duplicate screenshots of the same sketch and test marks created
while experimenting with features of the AI sketching applica-
tion. All such sketches were excluded from subsequent ranking
and analysis to ensure the integrity of the dataset.

Figure 6 presents a random sample of sketches for the two
tasks, taken from a collection of 263 sketches, while Figure 7
shows a sample from HH teams beside those from HAI teams.
When these sketches are rendered in black and white (as was
the case in printouts given to the raters), it is difficult to iden-
tify which of the 21 teams sketched any of the ideas, limiting
bias on perceived team composition. For the next step, these 263
annotated sketches (printed on a 3 × 5 index card in black and
white) were given to the trained research assistants for rating. The
annotations briefly stated what the idea in the sketch was about—
based on exit interview notes, for example, “an arm that picks up

baby.” Using experts or trained judges is a common method for
evaluating sketches [59, 60] that represent design ideas.

4.1. Training the research assistants (judges)

The research assistants received training on how to evaluate
the sketches to ensure that they were looking for the same charac-
teristics and assigning scores consistently. They were shown some
examples and discussed ways they would group and rate them.
Among other aspects covered in the training were:

1) Getting familiar with the entire collection of sketches
2) Agreement in sorting the sketches into groups of similar ideas
3) Ability to consistently assign scores of usefulness and novelty,

the latter based on uncommonness from the other ideas in the
collection

4) Ways to resolve the grouping or rating of ambiguous ideas
5) How to identify ideas that met the “usefulness” measure
6) Ways to reach a consensus when large disparities occur in

grouping or rating of ideas

4.2. Evaluating sketches: Step 1

The first step involved looking at all the ideas and sorting
them into groups of similar ideas. This revealed disproportionate
groups of ideas (e.g., steps/ramps for the first task and bags for
the second one), which comprised about half of the sketches for
each task. These were deemed very common (not novel). Sketches
from two HAI teams could not be evaluated the same way as the
others, as they had sketched complex ideas by combining more
than one idea on the same screen. These complex sketches were
therefore set aside. Next, a small number that were termed “non-
sensical” by the research assistants due to their inability to solve
the given task (hence not useful at all) were also set aside. One
more group was set aside as it was discovered that they knew each
other, collaborated frequently on problem-solving tasks, and had
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Figure 6
Sample sketches for the 2 tasks—(a) ways of getting a toddler into bed and (b) transporting your computer on campus

Figure 7
Sample sketches from human–human (HH) and human–AI (HAI) teams
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Figure 8
Rating scheme used on the sketches

expert-level design experience—making them quite different from
the rest of the participants. This left us with sketches of ideas that
demonstrated both usefulness and novelty, an important require-
ment for our chosen measure of creativity. The sketches fell into
the following groups that were created by the raters:

1) For the toddler task, we had enticing with food, enticing with
other things, scaring them, propelling, ladders, suspending the
baby in the air, bed that moves, picking up the baby, and others
not in any of these groups.

2) For the computer task, we had pets, folding kind, suspended
in air, wearables, ground vehicle, gravity or pressure, and other
individual ideas not in any of these categories.

These 16 groups (9 for getting the toddler to bed and 7 for
transporting a computer on campus) were used later to determine
the variety of sketches in each team.

4.3. Evaluating sketches: Step 2

In the second step, the raters were instructed to rate two
characteristics—usefulness and novelty—of every sketch on a 4-
point Likert scale (note that a 5th point of zero was assigned to
sketches identified as “not useful” as well as those grouped as
“not novel”). The raters were therefore interested in how useful
the idea was at solving the task and how novel (different from
the other ideas in the task category) each idea was. For useful-
ness, 1 point was assigned to a slightly useful idea, 2 points for
moderately useful, 3 for very useful, and 4 for extremely useful.
Sketches that were grouped as “nonsensical” by the raters were
assigned a zero score for usefulness. In terms of novelty, a 1 was
assigned to sketches that were somewhat similar to others, a 2 to
those neither similar nor different from others, a 3 to those some-
what different from others, and a 4 to very different from others.
The sketches previously grouped under “common” were assigned
a score of zero for novelty.

Figure 8 shows the scheme that was applied. The interrater
reliabilities for the combined sketches deemed both useful and
novel (on ways of “getting a toddler to bed” and “transport-
ing your computer”) were computed. We used two evaluation
methods—Krippendorff’s and interclass correlation (ICC)—and
obtained 0.68 for novelty taken alone, while the combination
of usefulness and novelty gave a 0.60 reliability rate. The ICC
options were model = “twoway,” type = “agreement,” unit =
“single,” and percentage confidence = 95%.

Creativity of the ideas was therefore based on the two charac-
teristics, namely, “usefulness” and “novelty,” as rated by trained
assistants familiar with the research domain. They applied a scale
of 1–4, with 4 as the highest.

4.4. Experimental—validating the ranking scale
using an AI classifier

The first validation of ranking involved ICC and Krippen-
dorff’s score of the two trained research assistants who rated the
sketches based on whether the sketched idea could fulfill the task
(usefulness/value), as well as its novelty (uncommonness).

The second validation approach employed an AI-based
image classifier developed using Google’s Teachable Machine. The
model was trained on a subset of 36 sketches that had received
identical rankings from all three human evaluators, ensuring a
consistent training reference. It was then tested on 10 unseen
sketches drawn from the same distribution as the training set. The
classifier’s predictions matched the human raters’ evaluations with
100% accuracy, confirming strong alignment between automated
and expert assessments. Figure 9 illustrates two representative
examples of the classifier’s output.

This is a promising strategy for quickly classifying sketches
in settings like engineering design classrooms, where students pro-
duce multiple sketches/concepts every session, making it difficult
for the instructor to see every sketch in the moment. Such a clas-
sifier could be used to highlight samples in the moment for the
instructor. The point here is to highlight an AI solution to clas-
sifying the sketches in addition to the human option that we
employed in this study.

4.5. Analysis

To understand the impact of collaborating with an AI agent
instead of another human on engineering concept generation
tasks, we evaluated the sketches collected from the teams on a
range of metrics including:

1) The total number of sketches in each team
2) Average number of sketches per team
3) Average number of sketches for the HH and HAI groups
4) Ratings of each sketch on novelty over a 5-point scale
5) Number of sketches receiving a high score from both raters in

each team
6) Variety based on how many of the identified groups (9 groups

in the first task and 6 in the second) were represented in a
team’s ideas

The effect of collaborating with an AI rather than another
human can be evaluated since the teams had the same length of
time for the assigned tasks and used the same interface for sketch-
ing ideas—a tablet with the presence of an AI assistant in the
background for HAI teams or a disabled AI for HH teams.

Each of the 21 teams produced from 6 sketches to 23
sketches, as shown in Figure 10. This represents an average of
10.3 sketches over all teams.

Other values are shown in Table 5.
Figure 11 shows a breakdown between HH and HAI teams,

with the HH teams averaging 8.5 sketches while the HAI teams
average 11.9 sketches. The means and modes for the HAI
teams were about 50% higher than those for the HH teams.

4.6. Cumulative ratings of sketches for the HAI and
HH teams

Figure 12 shows the count of how many times the ideas from
the HAI teams received ratings of 1, 2, 3, or 4 from the 2 raters.
An idea (or sketch) could receive the same score twice if both
raters gave a similar score.
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Figure 9
Sample output from an image classifier

Figure 10
Proportion of sketches produced by the 21 teams
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Table 5
Mean, mode, SD, and variance of sketches from the HH and HAI teams

Mean Mode Standard deviation Variance

HH teams 8.5 6 3.2 10.3
HAI teams 11.9 9 5.8 33.1

Figure 11
Total number of sketches by HH and HAI teams

Similar to the preceding section, a count of how many times
the HH sketches received a rating from 1 to 4 is shown in
Figure 13. Figure 14 shows the combined count of scores for the
HH and HAI teams in one graph. The HAI teams have higher
values in general, both the highest ratings and the total number
of counts.

For the 122 sketches and 2 raters assigning values for nov-
elty and usefulness, 488 distinct scores emerge. Figure 15 shows

the total number of sketches from the HH and HAI teams that
received a score of 1 (low), 2 (medium), 3 (high), or 4 (very high)
from the two raters. It is evident that a larger number of the ideas
(64%) received a 1 (lowest) or 2 compared with those receiving a
3 or 4 (highest), which take 36%.

The normalized sum of ratings attained by the HH and HAI
groups is shown in Figure 15. This representation reveals that the
HH teams had a larger proportion of the lower scores (1 and 2)
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Figure 12
Count of ratings from 1 to 4 for the HAI teams

Figure 13
13 Count of ratings from 1 to 4 of the HH teams
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Figure 14
Count of ratings from 1 to 4 of the HH and HAI teams

Figure 15
Normalized sum of ratings for the HH and HAI groups

compared to the HAI teams that had more of the higher scored
ideas, as might be interpreted from Figure 14 showing the count
from all teams.

4.7. Focusing on the highest rated ideas

There are several ways to characterize the results presented
above, including a consideration of every idea, lowest/highest
rated ideas, most common/uncommon ideas, combining useful-
ness and novelty scores, etc. We chose a definition of creativity
comprising usefulness, which is the ability to perform the specific
task assigned, and novelty relative to other ideas in the collection.
We therefore focus on the highly rated ideas as these are more

likely to be candidates for creative ideas. Several considerations
taken into account so far are worth noting:

An idea could be very useful and yet be well known by
most people, hence fall among those set aside from the first
round of screening, where ideas that were deemed “not novel”
and/or “not useful” were separated from the rest, leaving the 122
sketches/ideas. Creative ideas often point to new ways of solving
engineering/design problems; hence, novel ideas are a better deter-
minant of candidates for creativity compared to usefulness (where
incremental improvements often produce very useful ideas). How-
ever, usefulness still counts in our assessment. Figure 16 shows
the number of ideas that received a 4 (highest score) from a rater,
grouped by team for HH and HAI teams.

Pdf_Fol io:1414



Artificial Intelligence and Applications Vol. 00 Iss. 00 2026

Figure 16
Highest rating (4, very high) on usefulness and/or novelty for HH and HAI teams

4.8. Statistical tests for significance of differences

To determine the significance of the observed differences
above, we applied the independent samples t-test on two sets of
data. The first one comprised the entire set of 263 ideas while the
second used only the highly rated ideas—those which received a
“high” or “very high” score from either or both raters. Table 6
shows the results from using the Python function: stats.ttest_ind
(HAI, HH, equal_var=False).

Table 6
Statistical tests

Measure All ideas (263) Highly rated (122)

t-test statistic 3.814 2.773
p-value 0.00014 0.00729

The means of 3.814 for all ideas and 2.773 for the highly rated
ones, as well as the low p-values well below the 0.05 threshold,
demonstrate confidence in our observations.

This is in addition to evaluating the interrater reliabilities
in rating the sketches using two methods—Krippendorff’s and
ICC—and obtained 0.68 for novelty taken alone, while the com-
bination of usefulness and novelty gave a 0.60 reliability rate. The
ICC options were model = “twoway,” type = “agreement,” unit =
“single,” and percentage confidence = 95%. Figure 17 shows the
output from RStudio.

5. Analysis

We now have sketches ranked on creativity, with each sketch
representing a distinct idea. The task (toddler or computer
related) is unimportant, so the combined collection is now exam-
ined together. 122 sketches from 31 participants remained for
evaluation after the first round of grouping by the trained research
assistants.

In considering the foregoing points, among others, we deter-
mined that focusing on the highest rated ideas worked better than
considering all the ideas irrespective of their ratings. Further, by
examining these highly rated ideas, we note from Table 7 that:
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Figure 17
Statistical tests

Table 7
Ideas that received at least one “4” (or highest rating) from the two raters

Sketch# ASPECT RATER1 RATER2 TEAM COMP TASK

82 Novelty 4 2 3 HH Toddler

181 Novelty 4 3 8 HH Toddler

182 Novelty 4 3 8 HH Toddler

194 Novelty 4 4 9 HH Toddler

196 Novelty 4 4 9 HH Toddler

25 Novelty 4 4 1 HAI Toddler

26 Novelty 4 3 1 HAI Toddler

126 Novelty 4 4 5 HAI Toddler

128 Novelty 4 3 5 HAI Toddler

129 Novelty 4 4 5 HAI Toddler

146 Novelty 4 3 6 HAI Toddler

149 Novelty 4 3 6 HAI Toddler

211 Novelty 4 2 10 HAI Toddler

212 Novelty 4 4 10 HAI Toddler

227 Novelty 4 3 11 HAI Toddler

247 Novelty 4 3 13 HAI Computer

252 Novelty 4 3 13 HAI Toddler

405 Novelty 4 3 20 HAI Toddler

25 Novelty 4 4 1 HAI Toddler

126 Novelty 4 4 5 HAI Toddler

129 Novelty 4 4 5 HAI Toddler

212 Novelty 4 4 10 HAI Toddler

1) 5 ideas by HH teams received a “4” and only 2 got “4” from
both raters.

2) 17 ideas by HAI teams received a “4” and 8 got “4” from both
raters.

Only 4 sketches received a rating of 4 on “usefulness,” and
none of them received a 3 or 4 rating on novelty, reinforcing the
point made above regarding very useful ideas’ tendency to be well

known, so likely to be “common.” Only 1 “computer” prompt
got a rating of 4.

Five ideas by HH teams received a “4,” and only 2 got “4”
from both raters. Seventeen ideas by HAI teams received a “4,”
and 8 got “4” from both raters. Table 7 shows all the ideas that
received the highest rating of 4 from either or both raters.

Figure 18 represents all the sketches that received the high-
est rating (4) from both raters, hence an average of 4, or received
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Figure 18
HAI teams outperform HH teams

a 3 from one rater and highest (4) from the other rater, hence
an average of 3.5. Going by the total number of ideas from
the HH and HAI teams, we observe that the HAI teams had 2
ideas for each average (4 total), while the HAI teams had 8 each
(16 total).

6. Discussion

Focusing on the statistical significances from the 21 teams
highlights the differences in scores from HAI and HH teams,
as well as from team to team. This sets up the stage for a dis-
cussion of limitations in the study design, as well as alternative
study designs that address gaps in the methods that were applied
here.

6.1. Quantity of ideas produced by HH and HAI
teams

Participants in the HAI teams generated more ideas on aver-
age (11.9 sketches) than the HH teams (8.5 sketches) and also
had a higher mode of 9, compared with 6 for the HH teams.
Given the knowledge that the quantity of ideas matters [54] when
it comes to the divergent idea generation stage of the design pro-
cess, teams would gain an advantage by coming up with as many
ideas as possible, thereby expanding the number of candidates for
“creative” solutions. It is notable that only 1 out of the 10 HH
teams (10%) came up with 15 or more ideas, while 4 of the 11
HH teams (36%) generated over 15 ideas. In addition to this, only
2 HAI teams (18%) had 7 or less ideas compared with 5 (50%)
of the HH teams. This difference correlated with the number of
high-quality ideas identified across the teams, as will be seen next.

6.2. Quality (usefulness, novelty) of ideas produced
by HH and HAI teams

To begin with, 64% of all the 263 sketches received a (lower)
score of 1 or 2, while the remaining 36% received a (higher) 3 or 4
rating on usefulness or novelty from either or both of the raters—
we count the instances that a 1, 2, 3, or 4 is awarded to a sketch.
Any sketch could therefore receive a given score up to 4 times,
given that they were rated on usefulness and novelty, and this was
done by two raters. The HAI teams obtained higher ratings overall
compared with the HH teams. When normalized to account for
the difference in the count of ideas from the HH and HAI teams,
the HAI teams still had a higher proportion than the HH teams,
showing that quantity and quality correlated for Study 2.

6.3. Narrowing down to the highest rated ideas

This step is like separating the signal from the noise of ideas
generated by participants. As mentioned earlier, sketches falling
into two categories were removed—those from teams that did not
follow instructions (by producing complex sketches), as well as
one team that was very different from the other participants (both
team members knew each other, frequently worked on problem-
solving together, and were advanced in their design experience).
Of the 216 sketches evaluated after removing these two categories,
usefulness received the highest score of 4 from raters 9 times
(2%), while novelty received it 29 times (6.7%). Table 8 shows this
summary.

Further, we narrowed down to those ideas that received a
rating of 4 from both raters or a 4 and a 3 from the raters, given
that a 4 and any other rating below 3 would be too varied. This
left us with 22 ideas that had an average rating of 4.0 or 3.5 from
the 2 raters.

For the 22 ideas rated with a 4.0 or 3.5 average, it is observed
that 5 (23%) were by HH teams, while 17 (77%) were from the
HAI teams. This represents a large gap in outcomes, as the HAI
teams achieved 3 times the number of highly rated ideas compared
with the HH teams.

6.4. Collaboration dynamics with the AI

Among the data collected were exit interviews where par-
ticipants described their experiences and the strategies they had
applied in coming up with ideas, as well as in selecting their best
idea. These interviews provided some limited insights on how HAI
teams interacted with the AI, though the information is insuffi-
cient in answering the question as to why these teams performed
better than the HH pairs. Below are samples of their responses
regarding their experiences, with the first comment alluding to
using the AI as inspiration when they ran out of ideas, for
example:

“I thought it was pretty interesting. At first, I didn’t really
think it was going to help me too much besides making my draw-
ings not as terrible, which it did help with because it allowed me
to draw a bed somewhat better than how you can usually draw a
bed. Where I really found it helpful was in the later stages where

Table 8
Number of times ideas were rated

Aspect Total evaluated 4 on usefulness 4 on novelty 4 and another 4 or a 3

COUNT/% 216 9 times (2%) 29 times (6.7%) 22 ideas
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I was running out of ideas. I would just write a squiggle and
I would just scroll through all the suggestions. I’d be like, oh,
yeah, we could just do that one.”

“And then I carry on with it. Yeah. So without using like
pre-made bags or pre-made objects and items. So I would draw
something and it would suggest something completely different.”

Other ways that HAI participants applied the AI were as a
guide in sketching better images, to quickly generate images of
interest, and in coming up with completely different suggestions
than what they sketched, hence expanding the diversity of their
ideas. Nevertheless, a different kind of setup is required to explain
the reason for these HAI teams’ better performance compared
with those who collaborated with another human. One version of
this is presented in the next section.

6.5. Relation of results to existing literature

While these results comprise an AI collaborator in early-stage
concept development involving novices, there is a rich literature
on the role of sketching ideas in supporting creativity. Based on
work by Tversky et al. [61] and Simonet et al. [62], some of the rea-
sons HAI collaborators can outperform HH pairs in early-stage
sketching tasks lie in the mechanics of perceptual reinterpretation
and the mitigation of cognitive fixation. Among these are:

1) Superior management of ambiguity: Tversky et al. [61] argue
that the “sketchy” nature of early designs is a deliberate source
of creativity. In HH collaboration, two humans often converge
too quickly on a single interpretation to maintain social or
communicative “consistency.”

2) Consensus: an AI is not bound by the human need for social
consensus. It can generate multiple, divergent “functional
inferences” from a single vague sketch. By presenting “rein-
terpreted” versions of a human’s sketch that the human did
not initially intend, the AI acts as a catalyst for what Tversky
et al. [61] call “new perceptual groupings,” pushing the human
designer beyond their initial mental model.

3) Bridging the functional-perceptual gap: an AI can be trained
specifically to bridge this gap. While a human designer (espe-
cially a novice) might be stuck looking at the “lines” of a
sketch, an AI can instantly overlay functional possibilities onto
the sketchy configuration. This provides a “novice” human
with “expert-level” functional insights in real time.

4) Relief of working memory and “the seeing-moving-seeing”
cycle: sketching serves to relieve short-term memory [61]. In
HH collaboration, the cognitive load of communicating ideas
to another person can actually compete with the cognitive
load of the design task itself. HAI interaction is often more
“fluid” and less socially demanding than HH interaction. The
AI can rapidly iterate on the “ambiguous groupings” of a
sketch, allowing the human to stay in a continuous loop of
“reinterpretation.” Because the AI can process and “see” new

relations in the sketch faster than a human partner, it accel-
erates the cycle of making new inferences, leading to a higher
volume of creative breakthroughs.

Expanding on this, recent studies by Figoli et al. [63] suggest
that AI serves as a superior “empathy trigger” and visual stim-
ulus. Given that the AI doesn’t “know” the designer’s intent, its
“misinterpretations” of a human sketch act as powerful external
stimuli that force the human to see new functional groupings they
would otherwise ignore.

6.6. Implications for scalable evaluation

The use of an AI-based image classifier to evaluate sketches
marks a significant shift toward automated assessment in educa-
tional settings. An example of this is in early concept development
in product design courses, where a few dozen students may sketch
multiple versions of their ideas, leading to hundreds or even thou-
sands of sketches produced in a 3-h session. With a system that
enables students to submit their sketches in real time, this clas-
sifier can select “high quality” or “novel” ideas—based on some
set criteria—and present them to the instructor to gauge how well
students are learning. In addition to this, using no-code tools
like Teachable Machine makes this high-level technology accessi-
ble to educators who may not have a background in computer
science. By integrating human expertise with ML efficiency, this
experimental tool demonstrates a methodology capable of man-
aging the high-volume output of modern engineering classrooms.
Table 9 presents the comparison between human and AI-assisted
evaluation.

6.7. Approach Limitations

The first limitation arises from the manner in which HH
collaborated relative to the HAI teams—the humans sat next to
each other and occupied the same space during the activity while
speaking, gesturing, and sketching in turns, while the HAI teams
had a human work with an AI that interacted through a screen
by displaying images. This raises the possibility of confounding
factors such as:

1) Humans in HH teams had to wait while listening to each
other, while the HAI teams could simultaneously proceed
without turn-taking, introducing a delay in moving to the next
idea. On the flip side, two humans might have an advantage of
combined experience relative to a human collaborating with
an AI that has little experience of the world.

2) HH teams had a wider range of means to express themselves,
both verbal and nonverbal, while the HAI teams relied on the
AI displaying images alone, limiting how they perceived and
responded to information. Traberg et al. [64] have suggested
that such perception among teammates impacts creativity.
However, limiting the communication mode may have helped

Table 9
Human vs AI-assisted evaluation

Feature Traditional human evaluation AI-assisted evaluation (CNN/TM)

Speed Slow (limited by human hours) Instant (real-time classification)

Scalability Low (difficult with 100+ students) High (handles thousands of sketches)

Consistency Subject to fatigue and bias 100% consistent based on training

Flexibility High (can adapt to nuances) Moderate (requires retraining for new rubrics)
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Figure 19
Alternative configuration for capturing moment-to-moment interactions

focus the humans in the HAI teams, giving them an advantage
over the HH teams.

3) HH teams both knew the context of the task, something that
an AI lacked—which could be an advantage or disadvantage
on divergent ideation for the HH teams. A possibility with the
HAI teams and their higher number of ideas relative to HH
teams could be that the AI, lacking context, provided better
and new suggestions for leading the human to novel solutions.

Another identified limitation is that we lack an under-
standing of how the AI-generated suggestions impacted human
collaborators as they conceived ideas to solve the task. The
humans had the option to use the suggested ideas (sketches) in
the following ways:

1) Take it as is, thereby suggesting that the idea was deemed
appropriate and sufficient.

2) Take and modify the idea, which would indicate that the
human found the idea to be relevant but also incomplete or
insufficient without the additional details they provide.

3) Ignore the suggestion, suggesting that it was deemed
inappropriate, irrelevant, or for another reason.

4) Ignore the suggestion, but use it as an inspiration for a new
idea, as would be the case of a shift in paradigm that some
participants expressed in the exit interviews.

Given the nature of our experimental setup, this study
focuses on the outcomes of HAI collaboration rather than cap-
turing the real-time dynamics of interaction, which might have
yielded richer behavioral data. While we acknowledge this as
a limitation, prior research such as the work of Shah et al.
[39] and others has effectively assessed idea quality based solely
on sketched outputs, supporting the validity of our approach.
Additionally, participant debriefing occurred afterward, requiring
retrospective recall rather than reflecting on their collaboration

as it unfolded. This reliance on memory may limit the granular-
ity of insight into the interaction process. Future studies could
address this limitation by incorporating video observation and
think-aloud protocols, enabling a more nuanced understanding of
in-the-moment cognitive and collaborative processes.

One such design that captures the moment-to-moment
interactions—as well as if, when, and how the human uses the
AI suggestions—is shown in Figure 19, where a camera (CAM)
captures live video of the participants interacting with the device
on which the AI is running, while a separate system captures the
device activity.

7. Summary

This paper explored how AI can enhance idea generation
during the concept development phase of engineering design.
We introduced the concept of a “Disruptive Interjector (DI)”—
an AI system that continuously observes a user’s actions and
interjects with contextually relevant suggestions to stimulate new
directions in creative thinking. Both expert human raters and a
CNN-based classifier evaluated ideas for novelty and usefulness,
which demonstrated that HAI teams consistently outperformed
or matched human-only teams by yielding a higher proportion of
creative outcomes and a greater volume of ideas. This suggests
that AI, when framed as a disruptive partner, can effectively sup-
port divergent thinking by introducing novel stimuli that push
designers toward new directions. These results provide empirical
evidence that AI can transcend the role of a passive tool to become
an active, superior collaborator in creative tasks. Furthermore,
the study introduces a scalable, replicable method for high-volume
evaluation in educational settings, proving that AI-assisted assess-
ment can align with expert human judgment to manage the vast
datasets typical of design studios and classrooms.
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As AI technologies increasingly become integrated into cre-
ative and technical domains, this study demonstrates the efficacy
of a class of AI systems that, rather than providing solutions to
prompts, offers suggestions that serve as inspiration for new ideas.
This is a potential starting point for building effective AI-based
systems that support human creativity.
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