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ABSTRACT
Regular screening is critical for individuals at risk of neurocogni-
tive disorders (NCDs) to receive early intervention. Conversational
agents (CAs) have been adopted to administer dialog-based NCD
screening tests for their scalability compared to human-administered
tests. However, unique communication skills are required for CAs
during NCD screening, e.g., clinicians often apply scaffolding to en-
sure subjects’ understanding of and engagement in screening tests.
Based on scaffolding theories and analysis of clinicians’ practices
from human-administered test recordings, we designed a scaffold-
ing framework for the CA. In an exploratory wizard-of-Oz study,
the CA empowered by ChatGPT administered tasks in the Gro-
cery Shopping Dialog Task with 15 participants (10 diagnosed with
NCDs). Clinical experts verified the quality of the CA’s scaffolding
and we explored its effects on task understanding of the partici-
pants. Moreover, we proposed implications for the future design of
CAs that enable scaffolding for scalable NCD screening.

CCS CONCEPTS
• Human-centered computing→ Human computer interac-
tion (HCI).
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1 INTRODUCTION
Neurocognitive disorders (NCDs), such as Alzheimer’s disease, are
common among older adults [5]. NCDs not only impair the quality
of life of patients and their families but also increase the burden on
caregivers and healthcare systems [19] and impose a financial strain
on society [52]. However, NCD-associated symptoms can be man-
aged through early diagnosis and preventive interventions [1, 17].
It is, therefore, crucial to develop a scalable approach for routine
screening of cognitive impairment [53]. Currently, NCD screening
and diagnostic tests, such as MoCA [50], are primarily administered
in person by clinical professionals [67, 82]. Unfortunately, the scal-
ability of human-administered approaches is limited by reduced
mobility of some older adults, clinical shortages, and inter-rater
variability [42].

To overcome these limitations of traditional NCD screening
methods, researchers are developing alternative solutions. As com-
munication impairments are often indicative of NCDs, machine
learning algorithms that detect and analyze anomalies in speech,
language processing, and language production offer a new lens
for NCD screening [18, 34, 48]. However, a practical challenge of
this potential method for early NCD assessment is the need for
reliable, longitudinal collection of speech data from users. Previous
studies suggested that having an automatic conversational agent
(CA) chat with users regularly could be an affordable means to
capture data [3]. Specifically, if a CA can routinely conduct dialog
tasks for NCD screening, such as the recently developed Grocery
Shopping Dialog Tasks [21], the user’s changes in cognitive abilities
can be observed over time with standard assessment and speech
data can be gathered for objective analytics. This could facilitate
early detection of cognitive decline.

https://doi.org/10.1145/3613904.3642960
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While existing NCD screening administered by CA systems typ-
ically begins with a simple dialogue strategy [3], communicating
with people who may experience reduced cognitive abilities often
requires special conversational skills. For instance, simplifying sen-
tences and rephrasing is important [15]. Prior work has shown that
equipping a CA with back-channeling skills could ensure a natu-
ral and smooth NCD screening process [14]. However, there are
many other more complex conversational skills and techniques that
humans adopt in communication with NCD patients [15]. Among
them, scaffolding – a process that keeps NCD patients engaged and
facilitates activity understanding – is considered critical to support
NCD patients’ daily activities through dialogues [20, 25, 26, 32].

Scaffolding from conversational partners has been shown to
help sustain the involvement of people with NCDs in joint activi-
ties [26, 46, 61]. Many NCD screening tests can be considered joint
activities between the tester and the subject. However, it is com-
mon for subjects to give up early in these tests [14] and scaffolding
may play a helpful role in keeping them engaged. Compared to
the learning [38, 77] and decision-making [57] domains, designing
CA’s scaffolding strategies for dialog tasks of NCD screening is still
under-explored and bears unique challenges. First, the target users
are people with potential NCDs, suggesting that the CA design
should be rooted in scaffolding theories and practices for these peo-
ple particularly. Second, the objective of the CA is to facilitate the
user’s task understanding during the screening and their exhibition
of current cognitive abilities, rather than providing direct answers
or teaching them new knowledge. This raises two research ques-
tions. RQ1: How can a conversational agent for NCD screening be
designed to exercise clinical professionals’ scaffolding strategies?
RQ2: What are the effects of the conversational agent’s scaffold-
ing strategies on the user’s task understanding during the NCD
screening?

To address RQ1, we proposed a design process for the CA that
administered the dialog task for NCD screening. To identify clin-
icians’ scaffolding strategies, we first analyzed the conversation
recordings between clinicians and subjects during the dialog task
of NCD screening, i.e., the GSDT [21]. The GSDT assesses multiple
cognitive functions by requiring a subject1 to narrate the process of
purchasing ingredients on the floorplan of a grocery store for cook-
ing a dish. Rooted in theories of scaffolding for NCD patients and
the Zone of Proximal Development (ZPD), we proposed a frame-
work for designing the CA’s scaffolding to imitate human skills.
Based on the proposed framework, we used an iterative design
approach [24] to implement a prototype of a semi-automatic CA
system that provided scaffolding. We automated the core “scaffold-
ing strategy retrieval and reasoning” feature in CAwith the support
of ChatGPT (gpt-3.5-turbo) 2, a large language model with great
potential in public health [8]. As the existing APIs for speech recog-
nition and production are not of satisfactory quality in our context,
especially when the local dialect is a comparatively low-resource
language, we involved a human wizard to manage these functions.

To answer RQ2, we used this prototype CA as an exploratory
research probe to understand the effects of the CA’s scaffolding.

1In this paper, we use the term “subject” generally for those who take part in any NCD
screening tests administered by human testers, and “participant” for those who are
recruited in our study.
2https://openai.com/blog/chatgpt

Following the evaluation method employed in previous HCI litera-
ture [24], we conducted a “first-use” study, inviting 15 participants
(age=55-76) to complete the GSDT administered by our CA. The
goal of this study was to check the appropriateness of the CA’s
scaffolding and to explore its effects on the user’s understanding of
the dialog task. Note that we did not conduct a comparative study
against a CA without scaffolding. This is because such a baseline
system is not capable of handling challenges caused by users’ cogni-
tive conditions such as misunderstanding of the task, and it is likely
to fail the whole dialog task when those situations occur. We plan
to carry out a comparison with human-administered tests when
our proposed CA is fully automated in the future.

Clinical experts from a local hospital verified the appropriateness
of 89.45% of the CA’s scaffolding adoption and 68.25% of ChatGPT’s
scaffolding recommendation. Participants also subjectively per-
ceived the helpfulness of the CA’s scaffolding in task understanding
and evaluated the CA with generally good usability. Interestingly,
we found that the CA’s scaffolding use declined as the task pro-
gressed, which was consistent with the human testers’ scaffolding.
This suggested that the CA’s scaffolding changed the ZPD status of
participants and facilitated their task understanding. To the best of
our knowledge, this research could be among the first to explore a
CA’s scaffolding strategies in a setting of dialog tasks for cognitive
assessment. Our key contributions are threefold. First, we propose
a process for designing the CA’s scaffolding strategies for NCD
screening. Second, we explore the effects of the CA’s scaffolding on
the task understanding of the user during NCD screening through
an exploratory study. Third, we propose implications for the future
design of CAs that enable scaffolding for scalable NCD screening.

2 RELATEDWORKS
2.1 Conversational Agents for Populations with

Neurocognitive Disorders and Their
Caregivers

Conversational agents (CAs) have been adapted to serve users with
neurocognitive disorders (NCDs) and their caregivers due to CAs’
accessibility and interactivity [9, 14, 60, 73, 74]. Robin, for example,
provided voice prompts and task guidance for individuals with
NCDs to improve their independence in daily tasks [10]. Anne was
designed with a female avatar to engage users with NCDs naturally
in the dialogues [63, 64]. Louise, another CA, could monitor the
attention of older adults with cognitive impairment [74] and was
evaluated with good usability and acceptance when supporting
them in simple tasks such as taking medicine and measuring blood
pressure [73]. Additionally, AlzBot enhanced the socialization of pa-
tients with NCDs by providing them with a 24-hour online chatting
feature [80].

Caregivers of people with NCDs often report higher levels of
burden, stress, depression, and poor health conditions due to a
lack of caregiving support, including emotional support and knowl-
edge support, such as strategies to cope with the complexity of
dementia care, especially under the COVID-19 pandemic [5]. Prior
work utilized the CA to support the dyadic interactions in daily
living between older adults with NCDs and their caregivers [85].
Additionally, CAs on public platforms, such as websites and appli-
cation stores, also provided support for people with NCDs and their
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caregivers, mainly focusing on memory, reminiscence, and educa-
tion about NCDs [60]. Many CAs have been designed to support
the daily activities of NCD patients and their caregivers, however,
CAs for NCD screening, which may aid early diagnoses and timely
preventive interventions, are under exploration.

2.2 Automating Tests for Neurocognitive
Disorder Screening

There are many valid neurocognitive tests for NCD screening [4,
11, 41]. Comprehensive tests that cover multiple key cognitive
functions have been widely used in clinical practice, such as the
Montreal Cognitive Assessment (MoCA) [50], the Addenbrooke’s
Cognitive Examination Revised (ACE-R) [47], the Short Test of
Mental Status (STMS) [33], and The Grocery Shopping Dialog
Task (GSDT) [21]. Among them, GSDT further covers non-verbal
episodic memory, such as spatial memory, and it is developed for
Hong Kong older residents [21].

Currently, these tests for NCD screening are generally conducted
in person by professional clinicians [67, 82]. Though digital tools,
such as tablets, touchscreens, and smartphone applications, for
NCD screening tests, have been developed to release the clinicians’
burden [28, 43, 45, 51, 62, 72], many of them still need to be ap-
plied in a supervised manner. Self-administered tests, such as SAT-
URN [7], showed the feasibility of application in a fully independent
manner [66]. However, language functions such as verbal fluency
were not sufficiently covered in these tests [7]. As language im-
pairment is an essential marker of NCDs, many machine-learning
approaches have been developed to identify or detect NCDs in
the user’s speech [18, 34, 48]. The user’s speech could be either
elicited during NCD screening tests such as the corpus Demen-
tiaBank [6] or spontaneous utterances such as the dataset in the
ADReSS challenge [44].

Data collection from users is necessary for automated NCD
screening. Conversational agents (CAs) such as intelligent virtual
agents and automatic interviewers were adapted to collect speech
data from older adults [3, 48]. There are challenges to building
CAs to collect speech from people with NCDs. Elderly speech dis-
plays significant differences from that of non-aged adults due to
increased voice perturbations, articulatory imprecision, reduced
speaking rates, increasing dysfluencies, and decreasing intensities,
which requires effective automatic speech recognition [82]. Fur-
ther, people with NCDs need special support from the CA, such as
back-channeling [14] and dialog act recognition [16]. Scaffolding,
on the other hand, is also considered crucial support for people
with NCDs, especially during everyday collaborative activities with
their caregivers [20, 25, 26, 32]. However, little is known about how
to design a CA that can scaffold people with NCDs, and automating
NCD screening tests with CAs is still under exploration [49].

2.3 Scaffolding in NCD Patients’ Daily Life
Scaffolding is originally a psychological process between the “ex-
pert” and the “novice” [78]. The process allows a novice to accom-
plish a task or reach a goal that would be too difficult for them to do
on their own. The scaffolding process involves an expert guiding
and supporting the novice by taking control of the more challeng-
ing aspects of the task so that the novice can focus on and complete

Table 1: Scaffolding for NCD patients takes place at three
levels [26].

Scaffolding Level Description
Activity Help to frame, reframe, and remind about

the ongoing or planned activity.
Action Help to construct and perform joint actions.
Repair Help to identify and solve problems in joint

actions.

the parts that they are capable of doing. The collaborators in the
process were described as an expert and a novice, which could be
an adult and a child [78], or a caregiver and a person with NCDs as
well [32]. Many joint or collaborative activities with NCD patients
involve scaffolding, such as cooking and having a meal [20, 27].
For example, the caregiver may provide scaffolding to help the
patient maintain the ceremonial order and become active during
the meal or other social activities [20]. The conversational partner
also scaffolds the person with NCDs to support their well-being
and social identity [32, 61]. Scaffolding with narrowing questions
e.g., yes/no questions, helps include and sustain the involvement of
the people with NCD [46]. In practice, scaffolding may take place
at three levels [26], as shown in Table 1, which motivates this study
as well.

Another scaffolding-related theory is the Zone of Proximal De-
velopment (ZPD) [71]. The ZPD is the zone that lies between what
a learner can do on their own and what they are unable to do even
with assistance as shown in Fig. 1. This is the range where the
learner can perform with the guidance of a teacher or a peer who
has greater knowledge or expertise, also known as a "more knowl-
edgeable other." Also, the ZPD is considered a counterbalance to
the zone of actual development (ZAD) [35]. ZPD-based approaches
were constructed to improve prose memory and social interaction
of older adults with NCDs [65]. Assistant technology for NCD pa-
tients was considered working in the ZPD to provide “just enough”
support to allow them to carry out activities without feeling like
they had lost control or repeatedly failed [75].

Figure 1: The Zone of Proximal Development theory [71].

In the scenario of NCD screening, many tests involve the tester’s
scaffolding for the subject. For example, the tester was found to
use follow-up questions or encouragement to help the subject talk
more in the language fluency test of MoCA [14]. In a more compre-
hensive and complex screening test such as GSDT [21], the subject
may need scaffolding for locating and navigating to complete the
spatial cognition test. Inspired by the previous work that looked
into the tester’s behaviors during NCD screening [14], this study
will investigate the tester’s scaffolding strategies in GSDT.
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2.4 Conversational Agents’ Scaffolding
Techniques

Empowering CAs with scaffolding techniques has been studied in
various scenarios. Scaffolding is one of the principles to guide the de-
sign of educational CAs [36]. For instance, Sara, a scaffolding-based
CA designed for online programming tasks, utilized scaffolding
questions to enhance students’ comprehension and promote mean-
ingful learning [77]. Aside from scaffolding questions, topic recom-
mendations from the CA were also considered a form of scaffolding
to expand the user’s knowledge and interests [81]. In the classroom,
CAs were deployed to scaffold and promote students’ open-ended
discussions [68, 69]. Compared to paper-based static scaffolds, the
CA’s dynamic scaffolds proved to be more valuable for long-term
skill development [76]. Thus, CAs have applied natural language
processing technologies to generate adaptive scaffolding [2, 23, 29].
A recent study introduced Promptiverse, an approach that lever-
ages traversal paths over knowledge graphs to generate diverse
and scalable multi-turn scaffolding prompts [38]. In the scenario of
decision-making, the CA was designed with dialogues to encourage
brief exchanges of conversation, which would assist the user in
making precise estimations and assessments [57]. However, as an
important support for people with NCDs, scaffolding has yet to be
explored for designing CAs for NCD screening. Inspired by previ-
ous works including the idea of adaptive scaffolding [23, 29, 38]
and scaffolding forms such as questions and hints [77], this work
will design a framework of adaptive scaffolding in different forms
for the NCD screening CA.

3 DESIGN: SCAFFOLDING STRATEGIES OF A
CA FOR NCD SCREENING

In this section, we present our design process, which includes con-
tent analysis and iterative prototyping, as illustrated in Fig. 2. To
extract design suggestions for the CA’s scaffolding, we analyzed
the professional testers’ scaffolding strategies in the human-human
conversation data from video recordings of NCD screening. By
combining deductive and inductive coding, the content analysis
produced a set of design guidelines and a taxonomy of scaffolding
strategies. Based on these, we proposed a scaffolding framework for
our CA design. Then, following prior works [24, 30], we performed
an iterative process of design, test, and analyze to create a research
prototype accordingly.

3.1 Content Analysis of the
Human-Administered NCD Screening Test
Recordings

3.1.1 The Grocery Shopping Dialog Task (GSDT). ManyNCD screen-
ing tests involve dialog between the subject and the tester. Tests
such as MoCA [50] and ACE-R [47] involve the tester providing
instructions and hints to guide the subject in completing various
tasks, such as recalling words or naming objects in pictures. Tasks
such as the Cookie Theft picture description task in BDAE [22]
involve more complex dialog due to the tester’s open-ended, e.g.,
“What’s happening in that picture?” When the engagement is low,
the tester may prompt the subject [12], e.g., “What else is going

on?” To provide essential guidance, it is crucial to have a clini-
cal professional administer these tests or tasks in person [67, 82].
The Grocery Shopping Dialog Task (GSDT) [21] selected for this
study is representative of tests that encompass multiple cognitive
functions, involve dialog, and are administered in person by a clin-
ical professional. Furthermore, it is tailored to the local context
using materials familiar to the residents. Specifically, subjects are
tasked with narrating the process of purchasing ingredients for
a commonly known local dish on a grocery store map. Subjects
are presented with an image of a dish and are assigned the task
of identifying its ingredients. Subsequently, the subject verbally
articulates the step-by-step process of purchasing the identified
ingredients, simulating an experience in a physical grocery store
using a map or floor plan. The tester manipulates a token represent-
ing the subject’s position on the map, while the subject provides
instructions on its movement. The map may feature obstacles like
walls or shelves, prompting the subject to devise feasible paths
for accessing all the necessary ingredients. The dish and map are
rendered on cardboard, with a small humanoid doll serving as the
token, akin to a board game piece. The subject’s performance is
evaluated based on the accurate identification of ingredients in the
dish and their corresponding positions on the map (refer to [21]
for scoring details). Healthy or typically aged subjects frequently
achieve scores exceeding 9.6, similar to the scores (approximately
22) observed in MoCA (see supplementary materials for details).
After consulting with clinicians, it was recommended that older
adults regularly undergo the GSDT with an interval of 1-6 months,
either as part of a comprehensive cognitive test battery or as a
standalone assessment.

3.1.2 The Data. Our content analysis covered video recordings of
12 subjects (age=63-86) performing the GSDT with human testers
in real clinical settings. The 12 subjects were evenly distributed
in terms of gender and cognitive level, with six female subjects,
and four subjects in each of the following categories: major NCDs
(i.e., dementia), mild NCDs (i.e., mild cognitive impairment), and
healthy control, all based on clinicians’ formal diagnoses. Each
cognitive level had an equal number of female and male subjects.
The official task description [21] provided a general overview, such
as instructions on purchasing the required ingredients, but lacked
specific guidance. Consequently, the tester may employ scaffolding
techniques to facilitate task comprehension for the subjects. For
instance, to initiate the process, the tester might inquire, “Which
ingredient would you like to purchase first?”

3.1.3 Coding. To code the video recordings, we used ELAN [37].
We developed the initial deductive coding framework based on
the ZPD theory [71] and the three-level scaffolding theory [26].
The former postulates when and how much scaffolding should be
applied. The latter introduces three analytical levels of scaffolding
during joint activities between NCD patients and their caregivers,
which is similar to our NCD screening scenario. We followed this
initial coding framework to label the type and the context of each
scaffolding occurrence identified in the recordings. We observed
that most of the testers provided scaffolding during the ingredi-
ent purchasing phase of the GSDT. Consequently, we focused on
this specific phase for the subsequent inductive coding of detailed
scaffolding strategies.
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Figure 2: The process of designing the CA’s scaffolding.

The actual content analysis was conducted as follows. First, five
coders transcribed and familiarized themselves with the data. Fol-
lowing the analysis method proposed by W. James Potter and Deb-
orah Levine [55], we assigned each of the 12 recordings to two
coders to interpret the subject’s responses according to the ZPD
(deductive) and label the tester’s consequent scaffolding level (de-
ductive). Meanwhile, specific strategies were identified inductively.
The coders collaboratively implemented a dynamic codebook to log
and align their intersubjective norms. In this process, the five coders
met frequently, discussing and consolidating the initial codes by
addressing overlapping labels, streamlining the process, and elimi-
nating redundancy.

After completing the coding process, the coding team generated
a codebook (see supplementary material) that provides descriptions
of the subject’s responses, the tester’s scaffolding strategies, and
their relationship. We elaborate on the coding results in Section 3.3.
To ensure codebook consistency and coverage, the coding team
labeled video recordings of another five subjects (age=70-78, includ-
ing two females, and three subjects with mild NCDs) accordingly.
For assessing inter-rater reliability between the two coders for each
video, Cohen’s kappa values were calculated, resulting in .789 for
annotations of the subjects’ response categories, .866 for anno-
tations of the testers’ scaffolding levels, and .787 for scaffolding
strategies.

No new codes emerged, and inconsistency was resolved by a
third coder. To evaluate whether one could use our codebook to
reliably predict the professional human tester’s scaffolding strat-
egy exhibited in the videos based on the subjects’ utterances only,
another co-author (not involved in coding) watched the subjects’
parts of the five recordings, chose code labels, and then predicted
a scaffolding strategy from our codebook. Using labels from the
coding team as the ground truth, the precision for interpreting
the subject’s responses was 86.0% and for predicting the tester’s
scaffolding strategies was 74.6%. The lower precision for predicting
scaffolding strategies can be attributed to the fact that, besides the
ground truth, multiple other strategies were also applicable in that
context, as confirmed by the coding team.

From the content analysis results, we derived two guidelines
for designing an NCD screening CA capable of scaffolding: adjust
scaffolding frequency to align with the user’s ZPD status, and fol-
low the three-level scaffolding framework to handle various user
responses.

3.2 Guideline 1: Adjust Scaffolding Frequency
According to the Zone of Proximal
Development

Figure 3: The number of scaffolds (all types included) used
by the human testers for subjects in groups of healthy and
mild NCDs declined as the scorable activities were completed
gradually. The sample size for each data point is annotated.
Most subjects with major NCDs completed only one scorable
activity.

The Zone of Proximal Development (ZPD) theory has been em-
ployed to guide caregivers in providing appropriate support to
individuals with NCDs, ensuring a balance between adequate as-
sistance and avoiding excessive intervention [75]. Similarly, the
frequency of scaffolding provided by a conversational agent (CA)
should be tailored according to the user’s ZPD status. Based on our
coding results, we observed a significant negative Spearman’s rank
correlation of -.56 (p<.01**) between the number of scaffolds used
by human testers and the number of completed scorable activities.
As illustrated in Figure 3, participants without or with mild NCDs
demonstrated improved proficiency in independently completing
the task, indicating a change in their ZPD status, with a notice-
able decrease in the number of scaffolds provided by testers as
the number of completed scorable activities increased. In contrast,
subjects with major NCDs needed more scaffolding as the task
progressed and many of them purchased few ingredients despite
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receiving scaffolding. Upon reviewing the recordings, we observed
that individuals with major NCDs experienced disorientation and
had a tendency to forget about the task at hand. However, these
observations may be attributed to individual differences.

Based on our findings, we drew an essential guideline for de-
signing our scaffolding CA: adjust scaffolding frequency according
to the ZPD. Specifically, if the user is seen to be progressing to-
wards the zone of actual development in the ZPD spectrum (refer
to Fig. 1), indicating an increase in their understanding of the task,
the scaffolding frequency can be gradually reduced. However, if
repeated attempts at scaffolding prove ineffective, the CA should
implement an exit mechanism from the screening test as the user
might be in the out-of-reach zone.

3.3 Guideline 2: Follow the Three-Level
Scaffolding Framework

3.3.1 Identify Human Testers’ Scaffolding Strategies. Three levels
of scaffolding strategies employed by testers were identified based
on the theory of scaffolding for individuals with NCDs [26], as
outlined in Table 2. Scaffolding is employed at the activity level to
enhance subjects’ understanding of the overall task process and
activity organization during the test. The GSDT consists of four
commonly occurring activities: (a) naming the ingredient to buy, (b)
locating it on the map, (c) narrating the token’s path to it, and (d)
purchasing the ingredient. Scaffolding at the activity level typically
takes the form of a question that serves as a transition between
different activities. For example, to initiate activity (a), the question
“What would you like to buy to cook the soup?” is posed, and to
transition to activity (b), the question “Where can you buy this in
the grocery?” is asked. When the subject successfully purchases the
correct ingredient at the correct position in activity (d), they earn a
score. This process is repeated until the subject believes they have
purchased all the required ingredients or until the tester ends the
test due to the subject’s out-of-reach zone. The more ingredients
the subjects successfully purchase, the higher the score they get
on the test. A higher score on the test is achieved by successfully
purchasing more ingredients.

Scaffolding occurs at both the action level and the repair level
within an activity. The action scaffolding involves the use of contin-
uation and follow-up questions, which are tailored to the subject’s
responses to the questions at the activity level. Subjects who possess
a solid grasp of the task tend to provide correct answers or appro-
priate commands more frequently. In these instances, testers do not
need to provide excessive hints but instead, prompt for continuation
or request minimal corrections through follow-up questions, en-
abling subjects to exercise greater autonomy. However, in the early
period of the task, subjects may need more scaffolding at the repair
level. Testers may encourage subjects when they signal difficulty
or express frustration. Alternatively, they may provide necessary
hints within the legitimate scope, such as reminders about the rules
or objectives of the task, instead of directly providing the correct
answers.

In summary, activity scaffolding facilitates the understanding of
the task process by helping transition between activities. Action
and repair scaffolding support the action completion within an

activity and the interpretation of the task rules or objectives when
necessary.

3.3.2 Categorize Responses of Subjects. In the GSDT, testers ini-
tially operate under the assumption that subjects are within their
zone of proximal development (ZPD), as proposed by Vygotsky’s
theory [71]. This implies that providing scaffolds should effectively
enhance subjects’ comprehension of the task. Testers progressively
update their beliefs regarding the actual development of subjects as
they observe the subjects’ increasing independence in task comple-
tion and evaluate their responses and performances. Alternatively,
when subjects become disoriented despite the scaffolding provided
by testers, they may be considered to be approaching the out-of-
reach zone (ORZ).

To unfold this process, we analyzed the subjects’ responses fol-
lowing each scaffolding question and identified four categories, as
presented in Table 3. Despite receiving detailed task instructions
at the beginning of the test, subjects must develop a practical ap-
proach to provide correct answers or commands to testers. During
the initial phase of the test, subjects may produce numerous irrele-
vant responses due to misunderstandings, and they may also seek
clarification from the testers. We classify these responses as invalid.
Valid responses are classified into three categories: correct answers,
wrong answers, and vague answers. For instance, when the token
is obstructed by a shelf, instructing the token to turn left or right
would be deemed a correct answer. If the command lacks specific
information about the direction, it would be classified as a vague
answer. In such cases, the tester may pose a follow-up question
to inquire about the desired direction. If the subject persists in
moving forward, it would be deemed a wrong answer. The tester
would then either encourage the subject to reconsider or provide
a hint regarding the token being blocked by the shelf. In addition,
the subject may also raise a question such as “Am I blocked?” or
“Which direction am I facing?” These would be categorized as in-
valid responses and the tester would provide relevant hints to the
subject.

Different response categories are regarded as signs of different
ZPD statuses. For instance, continuous wrong answers or invalid
responses are signs of being near the ORZ andmore correct answers
indicate more likelihood of being near the ZAD. The identified
response categories imply that the CA should adjust scaffolding
strategies according to the response category and the user’s ZPD
status. For instance, repair scaffolding can be employed for either a
wrong answer or an invalid response while continuation is used
more often for a correct answer.

3.3.3 The Scaffolding Framework for the CA during NCD Screening.
Drawing upon the findings of the previous content analysis, we
developed a framework for the CA’s scaffolding strategies. The NCD
screening test is organized as multiple activities, each of which can
be viewed as a session of scaffolding, as illustrated in Fig. 4. The
scaffolding session typically commences with a scaffolding question
at the activity level. Based on the user’s response, scaffolding at the
action level can be employed for situations that are near the ZAD
or the middle ZPD. However, when the user is nearly out of reach
of the tester’s assistance, i.e., near the ORZ, repair scaffolding is
considered. If the user is believed to be in the ORZ, the CA can retry
the activity by giving instructions again or terminate the activity
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Table 2: The human testers’ scaffolding strategies at three levels.

Scaffolding
Level

Scaffolding
Strategy

Strategy Description Examples in the GSDT

Activity Scaffolding
Question

Start or restart an activity, or transit between ac-
tivities with a question.

What’s the first ingredient to buy?
Which shelf can you find the ingredient on?
How do you walk there?
What do you want to buy here?

Action Continuation Confirm the subject’s response or prompt for the
next step.

Anything else?
What’s next?
And then?

Follow-up
Questions

Request the specification information or informa-
tion completion.

Which vegetable specifically?
Which side to turn?

Repair Encourage Suggest onemore attemptwhen the subject signals
difficulties.

Take one more look.

Hint Remind about contextual information, conversa-
tion history, task rules, or objectives.

The token is blocked by the shelf.
We already bought this one.
You can tell me whether to go straight, turn left or right.
We are preparing to cook the soup.

Table 3: The responses of subjects during the NCD screening task are categorized. Their responses reflect their ZPD status
either near the zone of actual development (ZAD), the middle zone of proximal development (ZPD), or near the out-of-reach
zone (ORZ).

ZPD
Status

Subject’s
Response

Examples in the GSDT Available Scaffolding Strategies

Near
the
ZAD

Correct
Answer

An answer that articulates what to buy next, the shelf location, how
to move/stop the token, or the command to purchase.

Continuation or scaffolding questions
to proceed to the next activity.

The
Middle
ZPD

Vague
Answer

An answer missing necessary information, e.g., a command to turn
the token but without a specific direction.

Follow-up questions, hints, or repeat
the previous scaffolding questions.

Wrong
Answer

An answer with invalid location information of the target shelf, a
non-executable command to move the token, or buy ingredients at an
invalid position.

Hint, encourage or repeat the previ-
ous scaffolding questions.

Near
the
ORZ

Invalid
Response

An irrelevant response signaling problems in finding ingredients, mis-
understanding the token state, the task rules or objectives.

Hint, encourage or repeat the previ-
ous scaffolding questions.

or the test. If it is believed to be in the ZAD, no further scaffolding
is needed and the user completes the activity independently. Upon
completion of the activity, e.g., having moved the token to the
correct position, the user can proceed to the next activity. Generally,
the user determines whether all necessary ingredients have been
purchased and decides to end the task.

3.4 Prototyping
The ultimate objective of this work is to automate the NCD screen-
ing task using the CA. However, a fully automatic CA necessitates
a sophisticated system that integrates technologies such as auto-
matic speech recognition, natural language processing, and speech

synthesis. In this preliminary study, we concentrate on designing
the CA’s scaffolding strategies. Consequently, we developed a semi-
automatic prototype system with human wizards simulating the
conversation behind the CA during the NCD screening. This could
also be considered as a Wizard-of-Oz study which is commonly
used in the research of CAs for patients with NCDs [56].

Initially, we designed the CA’s scaffolding based entirely on the
theories and patterns observed in human-human conversations.
However, there may be disparities between human-human and
human-CA conversations. Therefore, we utilized an iterative design
method, inspired by the design thinking approach for the “first-use
study” of information appliances [24], to evaluate and enhance
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Figure 4: The CA’s scaffolding framework for the dialog task of NCD screening.

our prototype CA system. This process can also be viewed as the
wizard’s training in controlling the CA system before the formal
user study.

Figure 5: The architecture of the semi-automatic CA system.

3.4.1 System Design. In our system, two wizards collaborate as
Fig. 5 illustrates. Wizard A manages the CA’s conversations us-
ing an interface that incorporates our scaffolding framework, as
illustrated in Figure 6. The interface for wizard A comprises four
modules. The first column on the left contains the activity module,
which includes four types of scaffolding questions representing
the four activities. Below that is the dialog control section, where
the wizard can utilize backchannels and delay audio clips to man-
age response latency and maintain user engagement. The second
module is dedicated to categorizing the user’s responses. The third
module involves consulting ChatGPT using the prompt template,
which requires information about the current activity, the user’s
response, and the token state (see Figure 11). We evaluated the
viability of models equipped with vision-language understanding
capabilities, such as MiniGPT-4 [84] and BLIP-2 [39], and observed
their difficulty in comprehending the spatial information of the
grocery map image, leading to multiple instances of hallucinations.
Consequently, we opted to embed visual information in the prompt

with natural language and employ the currently state-of-the-art
model, ChatGPT-3.5. The final module on the right is the scaffold-
ing strategy module, which contains all the available strategies for
addressing the user’s current response (see supplementary mate-
rial for all alternatives of scaffolding strategies). For each strategy,
we leverage the original utterances spoken by professional human
testers in the video recordings and generate paraphrases to increase
adaptability. Subsequently, the wizard clicks the “Play” button, al-
lowing the CA to respond to the user with a prerecorded audio
clip.

Wizard B collaborates with wizard A by controlling the token’s
movement in the simulator (see Fig. 10) according to the user’s
response. For instance, if wizard A deems the user’s response to be
a correct command to move the token, wizard B moves the token
accordingly. The two wizards maintain communication throughout
the test. The simulated NCD screening test is presented to the user
via screen sharing from wizard B. A microphone captures the user’s
verbal responses, and a speaker plays the CA’s responses based on
wizard A’s actions.

3.4.2 Implementation and Test. Wizard A’s interface was devel-
oped as a web-based application, using Django3, the Python web
framework, and Bootstrap4, the website development toolkit. The
ChatGPT model we employed was gpt-3.5-turbo. Wizard B utilized
the GSDT simulator, which was constructed using Three.js5, the
JavaScript 3D library. Both wizards worked remotely through the
online meeting applications, with wizard A sharing audio and wiz-
ard B sharing the screen. A 15’ laptop was installed at the hospital
where participants were recruited. Each participant joined the on-
line meeting with both wizards during the study. This allowed the
GSDT simulator to be visible on the laptop screen, and the voice
of the conversational agent (CA) could be heard from the laptop
speaker.

3https://www.djangoproject.com/
4https://getbootstrap.com/
5https://threejs.org/
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Figure 6: The wizard A’s interface for controlling the CA. Please note that all the prompt text for ChatGPT was in English
because only the category description was kept in the prompt instead of the original user utterance. Also, ChatGPT returned
only the recommended scaffolding strategy in English, instead of a specific response. Cantonese was only used for the CA’s
response to the user.

Based on the implementation, we conducted nine rounds of tests.
To obtain feedback from multiple perspectives, we invited experts
who were familiar with NCD patients to role-play the user in the
tests, while two researchers acted as wizards A and B. The CA-
user conversations, the operations of wizards A and B, and the
recommendations of ChatGPT were all logged during the test.

Aside from technical problems, our test focused on three as-
pects: the coverage of the scaffolding framework, the prompt for
ChatGPT, and the system latency. The researchers could pause
the test anytime if issues arose, particularly in cases where wizard
A encountered difficulty in finding a suitable scaffolding option
or when the recommendations from ChatGPT were considered
unreasonable.

3.4.3 Scaffolding Framework Coverage. The CA’s scaffolding frame-
work was designed to cover as many situations as possible during
the NCD screening test. In the content analysis period, we already
checked the coverage of the scaffolding framework by utilizing it to
scaffold the subject’s responses in an extra set of video recordings.
However, in this user study, we tested the scaffolding framework in
conversations between humans and the CA. While no new strate-
gies were introduced, we incorporated new paraphrases within
specific strategy components to enhance the framework’s ability

to handle diverse contexts. This adjustment was necessary since
the system was limited to playing pre-recorded audio instead of
generating spontaneous speech.

The experts who role-played the subject were required to sim-
ulate the cognitive impairment of an NCD patient to an extreme
extent, such as misunderstanding the rules, forgetting about what
had already been done, experiencing difficulties verbalizing com-
mands, and so on. In order to handle situations where the user’s
engagement becomes unattainable and to adhere to the first design
guideline, we sought input from the experts and incorporated an
exit strategy for the CA. If the repair scaffolding proves unsuccess-
ful after several attempts, the CA initiates a restart, beginning with
activity (a), naming the ingredient to be purchased. If even this
approach proves ineffective, the CA terminates the test.

3.4.4 Prompt Engineering. Whenever wizard A clicked the “Ask
GPT” button in the interface depicted in Figure 6, the prompt was
incorporated into an HTTP request to the ChatGPT API6. The
prompt template (see Fig. 11) consisted of three parts: introduction,
message history, and prompt. The introduction conveyed the role of
ChatGPT as a healthcare worker and provided essential information

6https://platform.openai.com/docs/api-reference/chat
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about the GSDT. Meanwhile, the message history logged the ex-
changes between the wizard and ChatGPT. To avoid exceeding the
length limit of ChatGPT API, the latest three pairs of prompts and
responses were retained. The prompt contained information about
the current activity, the token state in the grocery, a description of
the user’s response category, and all available scaffolding strategies
retrieved from our framework. ChatGPT was tasked with selecting
a suitable scaffolding strategy to address the user’s response, taking
into account the provided contextual information, and providing
an explanation for its choice.

Inspired by the structured process of prompt engineering in prior
work [83], we marked inappropriate strategies recommended by
ChatGPT, modified the prompt template, and evaluated during the
iterative prototyping. A significant concern arose when ChatGPT
provided inappropriate strategy recommendations due to inaccura-
cies in the token state description. To address this, we revised the
token state list. According to the prompt engineering suggestion
in prior work [13], the modification was mainly on the natural
language description. Another issue was the invalid recommenda-
tion, meaning that ChatGPT sometimes recommended a strategy
that was not based on our scaffolding framework. For instance, in
situations where a token was obstructed by a shelf, our scaffolding
framework offered only two viable strategies. However, ChatGPT
occasionally recommended an additional strategy, disregarding the
constraints imposed by the framework. To address this issue, we
implemented two approaches that have been proven effective in pre-
vious research [40]: providing examples and explicitly reiterating
the constraints within the prompt.

3.4.5 Latency. Wizard A had a workload to respond to the user,
including categorizing the user’s response, updating parameters for
prompts and requesting ChatGPT, manually selecting a strategy if
ChatGPT’s recommendation was inappropriate, and finally playing
the response audio. Apart from the wizard’s response time, the
latency was also influenced by the process of requesting ChatGPT.
Under typical circumstances, where the user’s response was prop-
erly categorized and ChatGPT made appropriate recommendations,
the latency ranged from 3 to 8 seconds. However, when the user’s
actions were unexpected or the wizard had to manually choose an
alternative strategy, the latency increased to over 15 seconds.

We tried to minimize the effects of latency by reducing the wiz-
ard’s information loads and operations. For instance, the keywords
were highlighted in the interface and the ChatGPT recommended
strategy unfolded automatically. Additionally, wizards were trained
to respond faster. However, a more crucial aspect was to mitigate
the impact of latency on the user experience. Taking inspiration
from previous research [14], we incorporated responses such as
backchannels in the lower section of the first column, as depicted in
Figure 6, to enhance dialog control. When the wizard heard the user,
the backchannel response could be used to acknowledge receipt,
and the utterances in the delay section could be utilized to keep the
user momentarily engaged.

4 EXPLORE: THE EFFECTS OF THE CA’S
SCAFFOLDING IN USER STUDY

In this exploratory study, we conducted a first-use study similar
to the previous HCI study on prototype design [24]. We did not

include any baseline system such as a CA without scaffolding or
the human-administered NCD screening. This is because, without
verbal scaffolding, people would find it challenging to display their
cognitive ability in the dialog task. Additionally, the prototype CA
only focused on part of the GSDT, so validating the results of the
CA’s NCD screening based on human-administered NCD screening
would be necessary only when the system is fully automated and
covers the GSDT entirely.

4.1 Participants
In our study, we recruited a total of 15 participants (M=66.3, SD=6.69)
from a collaborative local hospital, with an age range of 55 to 76.
Of the participants, 9 were females. Participants were evenly dis-
tributed into three groups: major NCDs, mild NCDs, and healthy.
None of them had completed the GSDT before the study. This study
obtained approval from the University Research Ethics Commit-
tee’s Institutional Review Board (IRB). We collaborated with a local
hospital and obtained approval from the hospital to conduct exper-
iments on their facility. Additionally, the whole study was closely
monitored by clinicians from the hospital on-site. Prior to the study,
all participants were instructed about the purpose, content, and
process of the study and they consented to take part in the study
with audio and video recorded. All personal information of the par-
ticipants was appropriately anonymized to ensure confidentiality.

Figure 7: The user study setting. A clinician monitored the
user study (partly on the right) to ensure the participant’s
(on the left) safety but any forms of assistance for the test
were not provided. The wizards operated remotely so the
participant could not see them.

4.2 Measurements
Throughout the study, we recorded all the conversations between
the CA and the participants, as well as all the operations of the
wizards. Based on the logged data, we could quantitatively and qual-
itatively analyze how the CA’s scaffolding supported participants
during NCD screening and evaluate ChatGPT’s performance. Fol-
lowing the study, we gathered feedback from both clinical experts
and the participants.

We invited three clinical experts from a research department at
a local hospital to evaluate the CA’s scaffolding (see Table 4). The
invited experts and those who administered the test in the initial
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Table 4: The background information of clinical experts we
invited to evaluate the CA, including their clinical experience
of cognitive assessment.

Background Clinical Experience
Expert 1 Neuroscience + Psychology 5 years
Expert 2 Psychology 2 years
Expert 3 Neuroscience + Psychology 1 year

video data for content analysis were from the same research team.
Though with different years of experience in cognitive assessment,
they were trained by the same procedure and had a similar amount
of practice in administering the GSDT. Each expert was randomly
assigned the data of 4-6 participants (1-2 hours of evaluation) and
finished the evaluation online with a coauthor’s assistance. They
were paid 38.5 USD for each hour of evaluation. The coauthor
played the video recordings and instructed the expert to label each
response categorized by the wizards, as well as each scaffolding
strategy employed by the CA and recommended by ChatGPT, as
“appropriate” or “inappropriate”. This assessment aimed to deter-
mine whether the categorization of the participant’s response or
the chosen strategy was suitable within the given context. Addition-
ally, the experts were asked to provide reasons for any identified
instances of inappropriateness.

To evaluate from multiple perspectives, we collected feedback
from the participants with a post-study survey about usability and
willingness (see Fig. 8). We designed the 11-item questionnaire
in the survey based on usability [68, 86] and willingness [64, 81]
evaluation for previous CAs. Participants were requested reasons
for each answer.

5 RESULTS
5.1 Summary of the CA’s Use of Scaffolding
Throughout the user study, every participant completed at least
one ingredient purchase successfully. Notably, participant P2, who
was in the healthy group, purchased the highest number of in-
gredients, specifically five. On average, each participant acquired
2.87 (SD=1.13) ingredients. We summarized the CA’s categorization
results of participant responses in Table 5 and the CA’s usage of
scaffolding in Table 6. The data across participant groups (NCD
levels) is in the supplementary material. During the user study, the
CA averagely categorized 22.46 (SD=11.73) responses from each
participant and provided scaffolding 25.33 (SD=13.03) times for each
participant. Repeated or paraphrased scaffolding strategies were
used to keep participants engaged and help them understand the
scaffolding better, so the number of scaffolding was slightly greater
than the number of categorized responses.

5.2 The CA Provided Appropriate Scaffolding
(RQ1)

Overall, 89.45% of the scaffolding strategy adoption was regarded as
appropriate by the clinical experts. Additionally, the clinical experts
evaluated 98.54% of the response categorization as appropriate. The
few instances of inappropriate response categorization were due to

Table 5: The average counts of each participant’s responses
categorized by the CA in the user study and their percentage.

ZPD Status Category Mean Count(SD) Pct.
Near the ZAD Correct Answer 14.93 (5.47) 66.45%
The middle ZPD 4.33 (4.29) 19.27%

Vague Answer 0.8 (1.15) 3.56%
Wrong Answer 3.53 (4.22) 15.71%

Near the ORZ Invalid Response 3.2 (3.47) 14.24%
Total 22.46 (11.73)

Table 6: The CA’s average scaffolding counts and percentage
at different levels in the user study.

Scaffolding
Level

Count
(SD)

Pct. Scaffolding
Strategy

Count
(SD)

Pct.

Activity 8.07
(3.26)

31.86% Scaffolding
Question

8.07
(3.26)

31.86%

Action 11
(5.73)

43.42% Continuation 9.6
(4.7)

37.89%

Follow-up
Question

1.4
(1.4)

5.53%

Repair 6.27
(6.41)

24.75% Encourage 0.87
(1.6)

3.43%

Hint 5.4
(5.33)

21.32%

Total 25.33
(13.03)

operational errors by the wizards, such as clicking the wrong but-
ton. In response to RQ1, which focuses on how to design a CA that
can implement scaffolding strategies used by clinical professionals,
we presented a design process for the CA that incorporates the
scaffolding strategies derived from the earlier content analysis. The
findings demonstrated that the CA, equipped with the scaffolding
framework, successfully generated appropriate scaffolding strate-
gies. This outcome suggests that the CA, developed through the
proposed process, effectively exercises the scaffolding strategies
employed by clinical professionals, thereby addressing RQ1.

Furthermore, the experts identified various instances of inappro-
priate scaffolding. One type involved situations where the informa-
tion provided by the CA’s scaffolding was occasionally inadequate.
Although the adopted strategy sufficed to continue the task, it
would have been preferable if the necessary information had been
explicitly provided. For instance, Fragment 1 illustrated that P10
encountered difficulty locating pictures of tomatoes on the gro-
cery map. In such cases, it would have been beneficial for the CA
to provide an explicit hint that no such pictures might exist, as
the pictures of shelves (refer to Fig. 10) were solely for reference
purposes.

Clinical experts advised that the CA should use more straight-
forward strategies for participants with major NCDs. As shown
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Fragment 1: The information provided by the CA’s scaffold-
ing was insufficient here. Instead of encouragement, the CA
should remind P10 that the picture was only for reference
and that the token could go anywhere P10 thought that there
were tomatoes.

(P10 cannot find tomatoes in the grocery.)
P10: Tomatoes, eggs. I can’t find it here.
CA: Where can you find it? (A scaffolding question)

ChatGPT: The user’s response indicates that they do not
understand the task rules. Instead of assuming
that the user knows the task rules, it is important
to explain or reclaim the task rules to ensure that
the user understands how to give correct commands.
This will help provide clarity and guide the user
in the right direction.

P10: Tomatoes. I can’t find where I can buy tomatoes.
CA: No worries. Try one more time to find it.

(Encouragement)
P10: Can’t find it here.

Fragment 2: The strategy should be more straightforward for
P15 who had major NCDs. The CA would better ask which
direction to turn when P15 wanted to turn the token.

(The token is at the entrance.)
CA: Please tell me how to walk there.
P15: Go to... Go to the entrance.
CA: The token is here. (A hint of contextual

information)
P15: Turn that way.
P15: I don’t know how to say.
CA: The token is currently facing forward. (A hint of

contextual information)
P15: Go forward.

in Fragment 2, the strategy of providing contextual information
about the token was not clear enough to guide the participants with
major NCDs. Instead, the experts suggested choosing the strategy
to directly clarify the task rules or request the missing information,
such as requesting the specific direction to turn. Generally, the CA
could try one scaffolding strategy two times or three by repeating
or rephrasing it. If it did not help, more straightforward strategies
could be considered.

Last, it is also suggested that the CA should consider the partici-
pant’s emotional state and adjust the scaffolding strategy as well.
For example, when P3 started to narrate the path to move the token
instead of answering where to find the pork, this could be a sign
of impatience according to the experts’ inferring. The CA could
request the shelf name again as logged in Fragment 3 but it would
be better to move the token as P3 told before that.

5.3 The Feasibility of ChatGPT for Scaffolding
(RQ1)

During the study, ChatGPT recommended the scaffolding strategy
252 times in total, 16.8 (SD=8.56) times per participant. Although
only 54.27% of these recommendations were adopted by the wizards,

Fragment 3: The CA should notice the impatience of P3. So
the CA’s hint here was unnecessary.

CA: What would you like to buy next? (A scaffolding
question)

P3: Buy pork.
CA: Where can you find it? (A scaffolding question)
P3: Turn right and go forward.
CA: Tell me the shelf name of the ingredient. (A hint

of the rule)
P3: Meat.

Fragment 4: ChatGPT could avoid human error.

CA: What is the first ingredient you would like to
buy? (A scaffolding question)

P3: Vegetable.
CA: Which shelf can you find it on? (A scaffolding

question)
ChatGPT: The user’s response was vague, and I can ask for

clarification on the specific ingredient the user
wants to buy. This will help me get a clearer
understanding of the task confirmation.

68.25% were evaluated as appropriate by the clinical experts. This
result suggested our design process to integrate ChatGPT in the CA
for automating scaffolding was promising, which answered RQ1.
However, we identified notable issues of ChatGPT performance
from the data log during the study.

Initially, we observed a lack of flexibility in ChatGPT’s recom-
mendations within specific scenarios. Despite our framework of-
fering multiple available strategies for ChatGPT to select from, it
consistently recommended the same strategy. For instance, when a
participant issued a command to purchase a single ingredient while
positioned correctly in front of the corresponding shelf, ChatGPT
consistently advised using a strategy to confirm the token’s po-
sition. Although this recommendation was generally appropriate
for such situations, the wizards employed more versatile strategies,
such as proceeding to the next task (purchasing the next ingredi-
ent), inquiring about additional ingredients needed, or providing a
general prompt for the subsequent step.

Then the second issue was the insensitivity to contextual in-
formation. Selecting an appropriate scaffolding strategy relied on
contextual information, including the state of the token. Neverthe-
less, the state of the token appeared to have a limited influence on
ChatGPT’s generation. For instance, when the participant consis-
tently provided accurate responses to move the token, the token’s
state transitioned between “stands at the entrance,” “is moving for-
ward,” or “stops and needs to turn.” Ideally, ChatGPT should have
recommended strategies according to the token state. However,
it kept picking the same continuation strategy to prompt for the
next step regardless of how the token state changed. The experts
noted that while this strategy was acceptable for the majority of
participants, it would be more suitable to offer precise information,
particularly for individuals with significant NCDs. For example,
an additional strategy could be employed to confirm when the
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token should stop while in motion. Another aspect of contextual
information, namely the message history, had minimal impact on
ChatGPT’s recommendations, as no recommendation reasons pro-
vided by ChatGPT appeared to be grounded in the message history.

Moreover, we noticed ChatGPT’s hallucinatory reasoning for its
recommendation. For instance, ChatGPT recommended one strat-
egy but in its reasoning description, it thought another strategy
was more appropriate. The original ChatGPT generation: “GPT Rec-
ommends: P4 (continuation or prompt for the next command). In this
situation, the user has provided an executable command to move the
token. Instead of continuation or prompting for the next command, it
would bemore appropriate to provide contextual information e.g.,
token info or previous commands. This can help the user understand
the current state of the token and provide them with the necessary
information to make further decisions.” Similarly, ChatGPT recom-
mended one strategy though regarded as unnecessary: “Strategy
SQc-1 (asking for a specific direction to turn or go) is the best option
in this situation because the token is already facing the correct shelf
in activity (c). Asking for a specific direction to turn or go would not
be necessary as the user has already given the executable command
to stop the token appropriately.” ChatGPT seemed to take the token
state into consideration but made an incorrect reasoning.

Despite its flaws, ChatGPT possessed notable strengths. First,
ChatGPT was more straightforward than the wizard in some cases.
In Fragment 1, had the wizard followed ChatGPT’s recommenda-
tion, the CA would have been able to provide P10 with the sugges-
tion that the position of tomatoes could be deduced from the shelf
names rather than relying on the shelf pictures (refer to Fig. 10).
Occasionally, human wizards made mistakes by overlooking critical
information; however, ChatGPT had the ability to circumvent such
human errors. For example in Fragment 4, the wizard overlooked
P3’s vague answer but ChatGPT insisted on asking for clarification
of “vegetable”, which was evaluated as more appropriate by the
experts.

5.4 Participants Perceived the CA’s Scaffolding
as Helpful in Task Understanding (RQ2)

Based on the post-study survey results as shown in Fig. 8, we found
that participants generally considered the CA’s scaffolding as easy
to understand and useful to facilitate their task understanding. The
CA’s scaffolding was perceived as not “too much” during the task.
The system latency was acceptable for most participants. Though
participants showed a willingness to complete NCD screening tasks
with the guidance of the CA, they preferred the companionship
of family members. P18 and P19 were concerned about any unpre-
dictable problems so they might need a family member for help. P3
found the dialog task was kind of less interesting so it would be
more fun to complete it with family members. However, P10 also
mentioned the concern that family members were too busy to help
her with the NCD screening test. Most participants did not mind
making mistakes in front of the CA because the CA showed much
patience as mentioned by P18, except P10 said she was embarrassed
when making mistakes. When confronted with difficulty, partici-
pants thought that the CA had plenty of patience and sometimes

Figure 8: The post-study survey result. It was well explained
to each participant that the “agent”’ here refers to the CA
they talked with in the study.

encouraged them to complete the task. In summary, the result an-
swered RQ2 about what the effects of the CA’s scaffolding were on
participants’ task understanding from a subjective perspective.

5.5 The CA’s Scaffolding Usage Decreased as
Tasks Progressed (RQ2)

Figure 9: The number of used scaffolds (all types included) by
the CA decreased as the scorable activities were completed
one by one. The sample size for each data point is annotated.
Participants with major NCDs generally completed fewer
scorable activities.
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To address RQ2 objectively, we conducted an analysis of the
system log regarding the usage of the CA’s scaffolding for the par-
ticipant’s completing each scorable activity throughout the study.
We identified a similar decline in scaffolding use as shown in Fig. 9.
A Spearman’s rank correlation of -.62 (p<.001***) was found be-
tween the quantity of scaffolds provided by the CA and the number
of completed scorable activities by the participants. This implies
that the CA’s scaffolding supported participants’ comprehension of
the task, similar to how the scaffolding provided by human testers
enabled participants to grasp the interpretation of contextual infor-
mation and articulate accurate answers or commands to accomplish
the task. Furthermore, this indicated a transition in the participants’
zone of proximal development (ZPD) status, shifting from the vicin-
ity of the out-of-reach zone (ORZ) to the proximity of the zone of
actual development (ZAD). The number of used scaffolds varied
more for participants with major NCDs, and they generally needed
more scaffolding during the task. Also, they tended to score less
as only two of them purchased the third ingredient. Nonetheless,
the decline pattern exhibited a divergence from the observed pat-
tern in human testers’ scaffolding for subjects with major NCDs,
as illustrated in Figure 3. One potential explanation is that the
larger sample sizes of data points in this case could have mitigated
the impact of individual differences. Further validation through a
comprehensive large-scale study incorporating statistical tests is
warranted.

The utilization of scaffolding experienced a slight increase during
the final scorable activity as the CA sought confirmation from
the participants regarding their decision to conclude the task. For
instance, in the later stage of the task, there was an escalation
in the frequency of required scaffolding for a particular healthy
participant (P2). After checking the log data, we found that it was
because the CA was confirming with P2 if the task was finished
but P2 forgot which ingredients had been purchased. In summary,
the findings imply that the CA’s scaffolding facilitated participants’
comprehension of the task and promoted their independence, thus
addressing RQ2. Moreover, the patterns of scaffolding usage were
consistent with the patterns shown in Fig 3, suggesting that the
CA’s scaffolding had similar effects as the clinical professionals’
scaffolding, which also answered RQ1.

5.6 Patterns of How CA’s Strategies at Different
Scaffolding Levels Facilitated Task
Understanding (RQ2)

The quantitative analysis revealed a general tendency of growing
task understanding of participants affected by the CA’s scaffolding
strategies. In this section, we further investigate the patterns of how
those strategies at different scaffolding levels, i.e., levels of activity,
action, and repair, facilitate task understanding of participants based
on qualitative analysis.

We prepared scaffolding questions at the activity level for the
CA to structure the GSDT. As we mentioned earlier, the task of pur-
chasing each ingredient could be divided into four activities so four
types of scaffolding questions were asked sequentially to facilitate
the participant’s understanding of the task process. We found that
in the later period of the task, many participants had understood
the process so they could manage the transition between activities

Fragment 5: Providing no scaffolding might be regarded as a
denial of the previous command by P18 (with major NCDs).

P18: Tofu.
P18: Can I point the way? [pointing on the screen] Tofu!
CA: ... [for about 3 seconds while the wizard is

operating]
P18: Oh, I did it wrong...

Fragment 6: The follow-up question strategy at the action
level facilitated task understanding in a more specific way
by probing for missing information.

P15: Turn.
CA: Which direction to turn? (A follow-up question)
P15: ...
CA: Left or right? (A follow-up question)
P15: Left.

independently without the CA’s scaffolding questions. This sug-
gested that the scaffolding questions at the activity level improved
participants’ comprehension of the task process so they could ac-
complish the whole task, i.e., purchasing all the needed ingredients
one by one. For example, after P2 (Healthy) had purchased two
ingredients, he could manage the activities independently. How-
ever, most participants with major NCDs needed scaffolding at the
activity level throughout the whole task.

Scaffolding at action and repair levels handled more specific
situations. Recall that one typical strategy at the action level was
the continuation which helped users confirm their correct under-
standing or responses so they could proceed to the next step. Inter-
estingly, in the absence of a prompt for continuation, participants
might interpret the silence as a rejection of their prior responses,
as demonstrated in Fragment 5. Another scaffolding strategy at
the action level, namely, the follow-up question, served a distinct
purpose by soliciting the missing information from participants.
For example, P15 (with major NCDs) already gave a command to
turn but lacked the specific direction information (see Fragment 6.
Therefore, the CA applied two follow-up questions at the action
level of scaffolding to help P15 understand the necessity of direction
information.

Scaffolding strategies at the repair level were frequently used
during the early period of the GSDT when participants did not
know much of the task rule, i.e., near the out-of-reach zone. For
example, participants usually did not notice when the token was
blocked by a shelf at first so the hint as in Fragment 7 was given as
the repair scaffolding.

To summarize, the activity scaffolding aided in the smooth transi-
tion between activities and enhanced participants’ comprehension
of the task process. The action scaffolding facilitated the execution
of particular actions within each activity, while the repair scaf-
folding served as a direct reminder of task rules or objectives as
required. These results helped answer RQ2 more specifically with
conversational fragments from the user study data.
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Fragment 7: A hint was given in the early period of the test
when participants did not know much of the task rule, i.e.,
near the out-of-reach zone.

(The token is blocked by a shelf.)
P12: Go forward...to buy vegetable...
CA: It’s blocked and cannot go there. (A hint)
P12: So turn to right.

6 DISCUSSION
6.1 Result Summary
In general, the clinical experts validated 89.45% of the CA-adopted
scaffolding strategies and 68.25% of the ChatGPT-recommended
scaffolding strategies as appropriate. The results suggested that
the CA’s scaffolding framework we designed with the proposed
design process was effective in producing appropriate scaffolding
strategies. Though there was room for improvement, the embedding
of ChatGPT was proved feasible in the dialog task scenario for
NCD screening. Moreover, the participants evaluated the CA as
easy to use and helpful in task understanding. The results provided
empirical evidence of the effectiveness of our design process, which
answered RQ1.

Based on the conversation log between the CA and participants,
we identified the decline of the CA’s scaffolding usage as the task
progressed gradually, suggesting that the CA’s scaffolding strate-
gies facilitated participants’ task understanding. We also explored
the effects of the CA’s strategies at different levels on participants’
task understanding. The CA’s scaffolding strategies at the activity
level helped participants understand the task process and activity
transition. Scaffolding strategies of the repair level provided partic-
ipants with specific information such as the rules or objectives of
the task in NCD screening. Strategies of the action level worked in
a minimized way to confirm the correct responses of participants or
give necessary prompts. The results provided both quantitative and
qualitative perspectives to reveal the effects of CA’s scaffolding on
the participant’s task understanding, which answered RQ2. Thus,
we propose implications for the future design of CAs in the dialog
task scenario for NCD screening.

6.2 Design Implications
6.2.1 Integrating the Three-level Scaffolding Framework for the CA.
Drawing on existing theories, such as the scaffolding-based CA
for learning, Sara [77], which was motivated by the theories of
social constructivism and the ZPD, to inform scaffolding design is
a well-established approach. When developing speech generation
algorithms of the CA for NCD screening, researchers integrated
both theories and practices of backchanneling [14]. Inspired by the
previous works, we combined theories and experts’ practices of
scaffolding in this work. Moreover, we extracted human strategies
to motivate the design of the scaffolding framework for the CA.
Building on an examination of scaffolding dynamics between pro-
fessional human testers and subjects, as well as between the CA and
the participants, this subsection proceeds to explore the integration

of the three-level scaffolding framework into CA design within this
specific scenario.

We identified human scaffolding strategies from the data of
human-administered NCD screening tasks as mentioned in sec-
tion 3.3. To better organize identified scaffolding strategies for the
CA design, we integrated the three-level scaffolding theory for
NCD patients [26]. The theory conceptualized the scaffolding for
NCD patients with three levels, including activity, action, and repair
levels. The results of our user study also explored their effects on
participants’ task understanding. According to the original theory,
scaffolding at the activity level should assist NCD patients in fram-
ing, reframing, and recalling the ongoing activity [26]. Similarly in
this study, the CA’s scaffolding strategies at the activity level facili-
tated participants’ understanding of the task process and transition
between activities. When participants encountered difficulties, the
CA employed scaffolding questions to facilitate the resumption of
the activity. Once the participant fully understood the task process,
the CA dynamically adapted the scaffolding questions, enabling
the reordering of activity sequences, including the option to skip
certain activities. Within the GSDT framework, the shopping task
involves collaborative activities between the CA and the user, which
can be supported through activity scaffolding.

Scaffolding at the action level is possible in constructing and
performing joint actions [26]. In this study, various joint actions
happened especially in the activity of narrating the process of
moving the token. Each step of the token’s moving was the result
of both the participant’s narrative and the CA’s scaffolding. To carry
out “just enough” scaffolding [75], the strategy of continuation was
frequently used by the CA when the participant was comparatively
capable, i.e., near the zone of actual development. This was also
to maximize the participant’s contribution to the task. However,
when the participant exhibited limited proficiency in performing
the actions, typically during the early stages of the task or in the
presence of major NCDs, additional support was provided through
scaffolding strategies, such as follow-up questions The scaffolding
questions at the activity level were basically open-ended questions
such as “How do you get there to buy it?” If the participant failed
to verbalize the instruction to move the token step by step, the
scaffolding strategy simplified it by raising close-ended follow-up
questions such as “Turn left or turn right?” Older adults, especially
those with major NCDs, encounter less difficulty in responding to
closed-ended questions [46]. Additionally, family members of older
adults with NCDs often utilize this strategy [59].

Scaffolding at the repair level is summoned when any identi-
fied troubles or problems are produced and this can be indicated
by either the speaker or the listener [26]. In this study, analogous
patterns were found when the CA hinted at the identified trou-
ble such as when the token was blocked as Fragment 7 showed.
Sometimes the participant signaled or pointed out the problem,
e.g., P3 noticed the token was blocked and told the CA, and then
the CA confirmed. Repairs were organized collaboratively with the
CA’s scaffolding and the user’s improved understanding of the task.
More importantly, the CA should organize scaffolding at the three
levels collaboratively to deal with various situations in different
periods of the task.
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6.2.2 Considerations about the Zone of Proximal Development. An-
other scaffolding theory incorporated into our design is the theory
of the zone of proximal development (ZPD) [71]. Existing CAs en-
abled with scaffolding skills used the theory as an assumption, e.g.,
assuming the CA’s scaffolding was within the learner’s ZPD so it
could help close the knowledge gap, however, the CA’s scaffolding
strategies were not dynamic according to the learner’s ZPD sta-
tus [2, 77]. In this work, the CA was also assumed to scaffold the
users in their ZPD. But since our CA was designed with a variety of
scaffolding strategies to deal with different situations, three types
of ZPD status were introduced in our CA’s scaffolding framework
as listed in Table 3. Prior research on problem-solving tasks has
revealed the dynamic adjustment of support by teachers or par-
ents to align with learners’ ZPD status [54, 70]. Thus, we further
divided the ZPD into three subzones, including parts near the ZAD,
in the middle ZPD, and near the ORZ. Note that all three subzones
were still inside the ZPD so the assumption of working in the ZPD
was retained. However, this brought more dynamics to the CA’s
scaffolding strategies to align with the users’ ZPD status.

The ZPD status of users is not identical to their cognitive ability.
For instance, individuals with major NCDs could also approach
the ZAD during the later stages of the task, while healthy users
might find themselves near the ORZ at the task’s outset when task
information has not been adequately provided. However, there were
greater possibilities in general for participants with major NCDs to
get near ORZ based on observation in this study. Correct answers,
especially multiple successive correct answers, usually indicate the
user’s ZPD status near the ZAD. So, strategies such as continuations
and scaffolding questions to move on to the next activity were often
used by the CA in this study, which adhered to the “just enough”
principle of scaffolding for NCD patients [75]. During the users’
mid-ZPD phase, this study frequently observed vague and incorrect
answers. These types of responses reflected that the users were at
least trying to answer the previous question or perform the task.
Therefore, the CA applied strategies such as follow-up questions or
hints to provide necessary information or suggestions to facilitate
the user’s understanding of the task. Unlike the scaffolding CA
designed for learning which provided detailed explanations and
correct answers when the user made mistakes [77], our CA for
the NCD screening scenario was not allowed to do that because of
the potential risk of affecting the screening results. Mistakes and
unfinished tasks are important and taken into account in the final
scoring of the GSDT [21]. Even when the participants were near
the ORZ and kept making invalid responses in the study, the CA’s
hints were still within the legitimate range. If the CA’s final attempt
to restart the task proved unsuccessful, the CA would terminate the
task. While not every participant completed the entire task, which
involved purchasing all the ingredients, the minimum number of
purchased ingredients in this study was one.

6.2.3 Automation of NCD screening Tasks. Though the CA system
in this study was semi-automated and controlled by the human
wizards, the integration with the large language model, ChatGPT,
could provide implications for designing a fully automated CA for
dialog tasks of NCD screening in the future. The model ChatGPT
exhibited effectiveness in recommending appropriate strategies
based on our scaffolding framework and prompt design without

model training or fine-tuning in the study. We took advantage of
ChatGPT’s zero-shot learning ability [58] to accomplish fast pro-
totyping of the CA. Since ChatGPT 3.5 did not have the ability of
visually understanding, we embedded all the visual information,
e.g., the token’s positions and movements, in the prompt template
as shown in Fig. 11. However, this approach might cause informa-
tion loss and further result in inappropriate scaffolding strategy
recommendations. Though the ideal solution was to implement
language models with vision-language understanding ability, avail-
able models [39, 84] at present had difficulty comprehending spatial
information in the grocery map image. To address this limitation, a
rule-based module could be introduced to summarize the visual in-
formation in the grocery, given that the token’s state can be readily
captured by the test simulator. For example, “the target shelf is on
the right of the token”, “the token needs to go straight all the way
to the end of this aisle to find tomatoes”.

We found that themessage history parameter acceptable by Chat-
GPT API contributed little to the generation. Adding a module to
summarize key actions that happened previously, instead of relying
on the array of message history, might help improve. We tested this
idea initially and presented examples in the supplementary material.
Our results implied that the token state information was important
but had limited effects on the generation. One possible reason was
that the token state was not significantly highlighted or emphasized
in the prompt. According to the implication of prior work [13], the
token state information should be explicitly emphasized or repeated
by the natural language in the prompt.

6.3 Generalizability
Though this work focused on a specific task, GSDT [21], it can be
generalized in three forms. First, the CA’s scaffolding strategies
may be generalized in other NCD screening tests. Scaffolding for
NCD patients is usually deployed verbally [26] and many cogni-
tive tests contain dialog parts, e.g., the Cookie Picture description
task in DementiaBank 7. Table 7 lists examples of the CA’s scaf-
folding strategy application in other cognitive tests. Second, our
scaffolding framework has generalizability in the design of CAs
for other daily activities of older adults. CAs have been deployed
in family and hospital settings [10, 64, 80]. Meanwhile, the CA’s
scaffolding skills would be critical in NCD patients’ daily activ-
ity support [20, 25, 26, 32]. Thus, our scaffolding framework may
support the organization and completion of these activities for the
CA and the user. Third, our design process may be generalized in
designing other types of conversational skills for CAs. CAs have
been equipped with various conversational skills such as backchan-
neling [14] and active listening [79]. Our design process rooted in
existing theories and practical data on conversational skills was
validated as effective. Moreover, embedding the large language
model in iterative prototyping could also facilitate the design of
CAs’ various conversational skills based on natural language.

7 LIMITATIONS
There are limitations in this work. First, the sample size was lim-
ited. Future work may conduct user studies with a larger sample
size and statistical tests to further verify the results. Second, the
7https://dementia.talkbank.org/protocol/
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Table 7: The possible application of the CA’s scaffolding strategies in other cognitive tests, based on the administration scripts
of MoCA [50], ACE-R [47] and DementiaBank.

Scaffolding Level Scaffolding Strategy Examples in Other Tests
Activity Scaffolding Question Can you name this animal? (MoCA)

Can you describe everything happening in this picture? (DementiaBank)
Now can you name as many animals as possible, beginning with any letter? (ACE-R)

Action Continuation What’s the next (animal)? (MoCA)
What happened next? (DementiaBank)

Follow-up Questions Tell me the exact date and day of the week. (MoCA)
Tell me which city this place is in. (MoCA)

Repair Encourage Take a look (point to the picture). (DementiaBank)
Hint It’s a part of the body. (MoCA)

The animal names don’t have to begin with “P”. (ACE-R)
OK, I’ll give you some hints: was the name X, Y or Z? (ACE-R)

prototype of CA was semi-automated with the human wizards’
operations. Future work may explore the implementation of the
fully automated CA to administer the NCD screening test and ver-
ify the validity of the screening result. The semi-automation also
caused the issue of system latency. Though participants and clinical
experts considered the latency acceptable in this study, further in-
vestigation and solutions for the latency issue are needed because it
might influence the spatial navigation performance of people with
memory decrements [31]. Third, this work focused on one specific
task, the GSDT. The generalizability of other dialog tasks for NCD
screening needs to be further evaluated as mentioned in section 6.3.
Last, NCD screening tests are advised to be conducted on a routine
basis [53], however, the participants in this work only finished one
time of the test in the hospital setting. Future work may explore
the long-term use of the CA for NCD screening in other settings
such as home environments. The involvement of family members
might also affect the conversational dynamics of the CA [79].

8 CONCLUSION
Conversational agents (CA) show great potential in aiding digital
cognitive assessment and enabling its scalability for early detec-
tion of NCDs. This work explored designing the CA’s scaffolding
strategies which were critical in dialog tasks for people with po-
tential NCDs. Based on existing scaffolding theories and clinical
practices in human-administered NCD screening (the GSDT) data
of 12 subjects, we proposed a framework for the CA to provide ap-
propriate scaffolding strategies that were aligned to the user’s ZPD
status. Through an iterative process, we built up a semi-automated
CA prototype empowered by ChatGPT based on the scaffolding
framework. A mixed-method user study was conducted with 15 par-
ticipants including five with major NCDs and five with mild NCDs.
The CA administered the GSDT with the participants and provided
scaffolding to guide them. The results showed that about 89% of the
CA-adopted scaffolding strategies were evaluated as appropriate by
the clinical experts. The participants perceived the CA as easy to
use and showed a willingness to use it for NCD screening. During
the dialog task, the CA’s scaffolding facilitated the participant’s

task understanding. Finally, we proposed implications for the future
design of CAs for NCD screening in terms of integrating the user’s
ZPD status and the three-level scaffolding framework, as well as
considerations of automation.
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A APPENDIX

Figure 10: The simulated GSDT test.

Figure 11: An instance of the prompt template for ChatGPT’s
recommended scaffolding strategy.
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