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5 e This work investigates how the interaction design of psychological assess-
6 ment with closed-ended questions could influence user responses to open-
7 ended questions in a survey chatbot for mental health.

8 e An empirical study shows the significant effects of interaction style (form-
0 based vs. conversation-based) on user-perceived assessment credibility and
10 self-awareness.

1 e A structural equation model illustrates the mediating role of perceived as-
12 sessment credibility in the effects of psychological assessment design on
13 user responses to the subsequent open-ended questions.
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Abstract

The global pandemic has pushed human society into a mental health crisis,
prompting the development of various chatbots to supplement the limited men-
tal health workforce. Several organizations have employed mental health sur-
vey chatbots for public mental status assessments. These survey chatbots typi-
cally ask closed-ended questions (Closed-EQs) to assess specific psychological
issues like anxiety, depression, and loneliness, followed by open-ended questions
(Open-EQs) for deeper insights. While Open-EQs are naturally presented conver-
sationally in a survey chatbot, Closed-EQs can be delivered as embedded forms
or within conversations, with the length of the questionnaire varying according to
the psychological assessment. This study investigates how the interaction style of
Closed-EQs and the questionnaire length affect user perceptions regarding survey
credibility, enjoyment, and self-awareness, as well as their responses to Open-
EQs in terms of quality and self-disclosure in a survey chatbot. We conducted a 2
(interaction style: form-based vs. conversation-based) X 3 (questionnaire length:
short vs. middle vs. long) between-subjects study (N=213) with a loneliness
survey chatbot. The results indicate that the form-based interaction significantly
enhances the perceived credibility of the assessment, thereby improving response
quality and self-disclosure in subsequent Open-EQs and fostering self-awareness.
We discuss our findings for the interaction design of psychological assessment in
a survey chatbot for mental health.

Keywords: Chatbots, survey design, open-ended questions, psychological
assessment, self-disclosure, mental health, loneliness

1. Introduction

The rise of mental health issues among young adults has become a significant
public health challenge [1, 2, 3, 4], further intensified by the global pandemic’s
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impact on various aspects of life [5, 6, 7]. Early detection and intervention are cru-
cial for providing targeted support and treatments [8, 9]. With the rapid advance-
ment in artificial intelligence (AI), several organizations, including universities,
hospitals, and public sectors, have begun utilizing mental health survey chatbots
for conducting psychological assessments to determine individuals’ mental states
and needs [10, 11, 12]. Compared with traditional web-based surveys, chatbot
surveys have demonstrated advantages in response rate, user engagement, and re-
sponse quality due to the natural conversation and interactive features [13, 14].

Mental health surveys typically contain two primary types of questions [15,
16]: closed-ended questions (Closed-EQs) often based on psychological scales
like the UCLA Loneliness Scale consisting of twenty Closed-EQs [17], and open-
ended questions (Open-EQs) that delve into deeper individual insights [16], pro-
moting spontaneous and less biased responses [15]. Research in web surveys
has revealed correlations between responses to Closed-EQs and subsequent Open-
EQs. For example, participants dissatisfied with job or e-services through Closed-
EQs tended to disclose more details about negative feelings in subsequent Open-
EQs [18, 19, 20]. However, little work has investigated if and how the design
choices of Closed-EQs influence user responses to Open-EQs, particularly in men-
tal health survey chatbots. Existing work has primarily investigated leveraging
a chatbot to respectively improve the response quality of Closed-EQs or Open-
EQs [14, 21]. Our research aims to bridge the gap by exploring the effects of
two prominent design factors (i.e., interaction style and questionnaire length) of
a psychological assessment with Closed-EQs on user responses to the follow-up
Open-EQs in a mental health survey chatbot.

The interaction style and questionnaire length are two crucial design factors
of Closed-EQs [22, 23]. Prior studies have shown that, compared to conventional
form-based interactions on webpages, employing conversation-based interactions
can enhance the quality of responses to Closed-EQs [14]. Additionally, research
has demonstrated that the questionnaire length can influence participation and
completion rate [23, 24], as well as the response quality [25]. In our study, we
experimented with both form-based and conversation-based interactions in our
chatbot’s psychological assessment. The manipulation of questionnaire length is
based on the three validated versions of the UCLA loneliness scale [17], including
short (three items), middle (ten items), and long (twenty items), respectively. This
led to a 2 (interaction style: form-based vs. conversation-based) X 3 (question-
naire length: short vs. middle vs. long) between-subjects study, enabling us to
address the following four research questions with empirical evidence.

RQ1: How does the interaction style of an assessment influence the users’

2



st perceptions of a mental health survey chatbot (i.e., w.r.t. enjoyment, assessment
2 credibility, and self-awareness)?

8 RQ2: How does the interaction style of an assessment influence user re-
s« sponses to the follow-up Open-EQs (i.e., w.r.t. response quality and self-disclosure)
s 1n a mental health survey chatbot?

86 RQ3: How does the questionnaire length of an assessment influence the users’
&7 perceptions of a mental health survey chatbot?

88 RQ4: How does the questionnaire length of an assessment influence user
g0 responses to the follow-up Open-EQs in a mental health survey chatbot?

% Our study provides practical design implications to designers of survey chat-
o1 bots for mental health. To the best of our knowledge, this is the first study that em-
e pirically analyzes how psychological assessment design influences user responses
s to Open-EQs within a mental health survey chatbot. Consequently, the contribu-
o tions of our work are three-fold:

9 1. Empirical evidence of the effects of psychological assessment (with Closed-
% EQs) design on user responses to the follow-up Open-EQs in a survey
97 chatbot for mental health. Our findings reveal the effective design choices
% for the psychological assessment that could motivate respondents to provide
99 quality responses and stimulate deep self-disclosure in Open-EQ.

100 2. Analysis of the causal relationship between the design factors of psycho-
101 logical assessment and the measures for user responses to Open-EQs.
102 We employed a structural equation model (SEM) to identify how users’ per-
103 ceived assessment credibility, as a mediator, links psychological assessment
104 design factors to the critical metrics of user responses to Open-EQs such as
105 response quality and self-disclosure.

106 3. Design recommendations of psychological assessment in a survey chat-
107 bot for mental health. Based on our findings, we present several practical
108 design recommendations. For instance, form-based interaction is preferable
109 for psychological assessments, as it leads to a higher perceived assessment
110 credibility compared to conversation-based interaction.

1 2. Related work

1

12 2.1. Loneliness Among Young Adults and Its Measurement

3 Loneliness is a common distressing feeling that is closely associated with ad-
+ verse mental health states, such as depression and anxiety [26, 27, 28, 29]. Young

1

1

3
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people are more susceptible to loneliness compared to other age groups, due to a
dramatic increase in socioemotional demands at their unique life stage [30, 31].
The social restrictions imposed to control the spread of COVID-19 have notably
diminished social contact for the youth, exacerbating their feelings of loneliness
and leading to increased psychological distress [32, 33, 34]. For example, fol-
lowing the outbreak of COVID-19, up to 60% of young adults in America have
reported symptoms indicative of psychological distress [35].

Early detection and intervention of loneliness are crucial for young adults, as
these steps can help them mitigate its long-term effects on their mental health
and support them in establishing healthier social connections and networks [34].
When measuring loneliness, the UCLA Loneliness Scale and its related shorter
forms are widely acknowledged and recommended as the primary tools for as-
sessing loneliness [36]. As for intervention strategies, recent studies highlight the
effectiveness of chatbots as an innovative method to offer essential social sup-
port. They serve as a valuable tool in fostering users’ reflection on their emotional
self-awareness, social awareness, and interpersonal relationships, which will be
described in detail in the following section. Considering the context of our study
and the prevalence of loneliness among young adults, particularly in the era of the
COVID-19 pandemic, our study has focused on loneliness in our psychometric
assessments.

2.2. Chatbots for Mental Health

Chatbots have great potential to promote mental health by conversing with
users to provide psychological assessment, training, and therapy [10]. For ex-
ample, Woebot I and Wysa 2 are representative chatbots for mental health; and
their efficacy has been proven by clinical research [37, 38]. To assess users’ emo-
tional state or the severity of a specific mental health issue, some chatbots ask
questions based on some well-known psychological scales, such as PHQ-9 De-
pression Test Questionnaire [39] and Generalized Anxiety Disorder Assessment
(GAD-7) [40]. Performing assessment in a chatbot tends to be an effective way to
collect mental health data, comparable to physical interviews in terms of response
rate [11]. Based on users’ responses to the assessment questions, chatbots pro-
vide empathetic responses, emotion diary, mindfulness exercises, and goal setting
to help users cope with mental health issues [41, 42]. Existing Human-Computer

1https://woebothealth.com/
Zhttps://www.wysa.io/
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Interaction (HCI) research in mental health chatbots focuses on improving conver-
sation skills to demonstrate compassion and empathy [43, 44] and promote user
self-disclosure [45, 46], and integrating various practices for mental health (e.g.,
expressive writing [47], motivational interview [48], and social support [49]) into
chatbots. However, little work has studied the psychological assessment design
and its impacts on user responses in a survey chatbot for mental health.

2.3. Design for Online Psychological Assessment

The computer-based psychological assessment allows users to employ valid
psychological scales to quickly gauge a specific mental health aspect such as
loneliness, anxiety, and depression [50]. The psychological assessment is often
performed by asking users to answer a set of closed-ended questions, similar to
the questionnaire. Interaction style and questionnaire length are two major design
factors that could influence the participation rate and response quality of a ques-
tionnaire [51, 52, 53, 54, 55]. Therefore, we mainly review the related work of
interaction style and questionnaire length that we have manipulated in our study.

2.3.1. Interaction Style

Prior work shows mixed effects of the interaction style on user responses to
questionnaires. The ways of showing the questions (multiple short pages vs. a
long scrollable page) and adding more interactive elements (i.e., pop-up menus,
button scales, and numerical labeling) do not yield a significant difference in user
response behavior [56, 57]. In contrast, compared to the item-by-item questions,
showing questions in a matrix may increase non-response items [58]. Addition-
ally, interaction style could affect users’ perceived credibility of information on
the web [59]. Within a chatbot, some social characteristics (e.g., proactivity and
conscientiousness) could also influence users’ perceived credibility [60]. As such,
we hypothesize that interaction type of psychological assessment would influence
the assessment credibility (H1).

Previous studies show that adding interactive elements (e.g., interactive prob-
ing and interactive feedback) to the questionnaire could improve the response
quality for the follow-up open-ended questions [51, 61]. Compared with the
form-based questionnaire, the conversation-based survey behaves as a virtual in-
terviewer and intrinsically enriches interactivity through conversation, enhancing
the response quality [14] and enjoyment [62]. Therefore, we hypothesize that
the conversation-based psychological assessment would lead to higher enjoyment
(H2) and higher response quality in open-ended questions (H3).
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2.3.2. Questionnaire Length

Numerous studies have investigated the effects of questionnaire length on a
variety of indicators of a questionnaire, such as participation rates [53], dropout
rates [54, 55], and response quality [25, 24]. Although longer questionnaires
may discourage initial participation due to a higher response burden, no empir-
ical evidence indicates “shorter is better” [63]. The short questionnaires are often
criticized due to lower reliability [63]. As such, we hypothesize that the shorter
questionnaire would negatively influence assessment credibility (H4). Moreover,
participating in a psychological assessment can enhance self-awareness [64], and
a longer assessment requires users to spend more time reflecting on their mental
status, which may increase mental health awareness. Thus, we hypothesize that
a longer questionnaire could lead to a higher self-awareness of loneliness in our
study (HS).

According to a meta-analysis of response rates in web surveys [65], the length
is not always associated with response rates. Nevertheless, adopting a longer
questionnaire generally tends to decrease the response rate and cause a higher
dropout rate [54, 23]. However, the quality of the responses does not necessarily
deteriorate with a lengthy questionnaire as long as participants’ motivation can be
maintained [25].

2.4. Closed-EQs versus Open-EQs

The closed-ended questions (Closed-EQs) and open-ended questions (Open-
EQs) are two major types of questions in web surveys. Closed-EQs are more ef-
fective for gathering quantitative data [66], and Open-EQs perform better at mea-
suring knowledge and obtaining more reliable and in-depth information [67, 16].
However, Open-EQs may increase the burden of the respondents [68] and the
non-response rate due to more required cognitive efforts [69, 70]. Prior work
showed the correlation between the responses to Closed-EQs and those to Open-
EQs in web surveys for job satisfaction and user experience of e-service websites.
Precisely, the dissatisfied employees, as measured via Closed-EQs about job sat-
isfaction, were more likely to provide negative responses to Open-EQs [20] and
disclose more content of negative feelings in Open-EQs [19]. Likewise, users with
negative experiences of the e-service measured by Likert scale questions (a kind
of Closed-EQs) tended to respond more to the comment-specific Open-EQs than
those with positive experiences [18].

A mental health survey chatbot may ask users to answer Closed-EQs for a
psychological assessment and Open-EQs for additional or detailed information
regarding the assessment results. However, it is unclear how the psychological

6



220

221

222

223

224

225

226

227

228

229

231

232

233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

assessment design could influence user responses to Open-EQs in a survey chatbot
for mental health. Previous studies have mainly revealed the relationship between
Closed-EQs and Open-EQs based on user responses [18, 20, 19], while our work
aims to investigate how the design aspects of Closed-EQs (i.e., interaction style
and questionnaire length) influence users’ responses to Open-EQs for collecting
more in-depth data about mental health.

2.5. Perceptions of Mental Health Survey

Our study measures user perceptions of the mental health survey in terms of
assessment credibility, self-awareness, and enjoyment.

2.5.1. Assessment Credibility

The users’ perception of the psychological assessment results [71] (named as-
sessment credibility in this work) is crucial as it could affect their health-related
behaviors and decisions [72, 73]. Broadly speaking, the psychological assessment
result is a type of health information. Previous studies have revealed several fac-
tors that could influence the perceived credibility of online health information, in-
cluding source expertise [74, 75, 76] (i.e., the rating of the source), website design
(e.g., layout, interactivity, visual design) [77, 76], the language used online [75],
and ease of use [77].

2.5.2. Self-Awareness

Self-awareness refers to being conscious of users’ own feelings, thoughts, be-
liefs, and behaviors, which is key to effective counseling and psychotherapy [78].
In the context of mental health, self-awareness is more about emotional self-
awareness that can be gauged from four aspects: identifying emotions, empathy,
managing emotions, and social skills [79]. Psychological assessment provides
users with early problem detection and feedback, which in turn increases their
self-awareness and general knowledge [64]. Thus, the design of these assess-
ments is fundamental in fostering users’ self-awareness regarding their mental
health status.

2.5.3. Enjoyment

Enjoyment is a hedonic experience with which users deeply engage in an en-
joyable activity [80]. Lin et al. [81] proposed a scale to measure enjoyment of
the web experience based on three dimensions: engagement, positive affect, and
fulfillment. Several studies have demonstrated the positive effects of chatbots on
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the effectiveness of surveys [62, 82] and the persuasion of health insurance rec-
ommendations [83], which are mediated by perceived enjoyment. Furthermore,
enabling chatbot self-disclosure [45] or anthropomorphic cues [84, 85] can im-
prove enjoyment, in turn promoting behavioral intentions (e.g., intention to use).

2.6. Evaluation of User Responses to Open-EQs

The main goal of asking Open-EQs is to collect richer data logically concern-
ing response quality and self-disclosure [86]. Previous studies on survey chatbots
evaluate user responses to Open-EQs mainly from response quality and the degree
of self-disclosure [87, 21].

2.6.1. Response Quality

Compared to the responses to Closed-EQs, the responses to Open-EQs are
free-form answers in an open text format, the quality of which can be gauged by
some objective metrics such as response length, number of themes, response time,
and item non-response [88]. For the Open-EQs in a chatbot, researchers employ
Gricean Maxims (i.e., informativeness, specificity, relevance, and clarity) [21],
readability [89], and sentiment intensity [90] to measure response quality.

2.6.2. Self-Disclosure

As an indicator of user engagement in chatbots, self-disclosure measures to
what extent users would like to share their personal information, thoughts, and
feelings [91], which is particularly important for the chatbot to understand the
users’ mental status [46]. Various self-reported instruments, such as Jourard Self-
Disclosure Questionnaire (JSDQ) [92], Distress Disclosure Index (DDI) [93], and
Self-Disclosure Index (SDI) [94], have been developed to measure self-disclosure
by asking participants to rate their tendency to disclose information about their
attitudes, opinions, and feelings on a Likert scale. Besides, the self-disclosure
can also be rated by assessors from breadth (i.e., the range of discussed topics)
and depth (i.e., the level of details discussed for a specific topic ) [95]. Our study
adopts both subjective and objective measurements to gauge self-disclosure in the
user responses to Open-EQs. As the level of self-awareness is found to be pos-
itively related to self-disclosure during computer-mediated communication [96],
we, therefore, hypothesize that users’ self-disclosure is positively associated with
self-awareness (H6). Additionally, the credibility of health information could in-
fluence the self-disclosure of personal health information [97, 98]. As such, we
hypothesize that a higher level of assessment credibility would lead to a higher
degree of self-disclosure (H7) for Open-EQs.



28 3. Method

289 We employed a mixed method of qualitative and quantitative approaches to
200 study how two design features of the psychological assessment (i.e., interaction
201 style and questionnaire length) influence user perceptions of the assessment and
202 user responses to Open-EQs.

20s 3.1. Study Background

204 To address our raised research questions in a real-world setting of mental
2s health service, we designed and developed a chatbot (called Percy) to help college
206 students cope with loneliness during COVID-19 in collaboration with the Coun-
207 seling and Development Center (CDC) of Hong Kong Baptist University (HKBU)
20s that provides free and confidential counseling to students as well as consultation
200 and referral services for staff. Participants were recruited through email invitations
a0 sent by the CDC of the university. We took precautions to minimize potential bi-
21 ases and priming effects by providing clear instructions and ensuring participants
sz understood the purpose of the study without explicitly influencing their responses
as toward loneliness. Percy bot has three distinct functions: 1) psychological assess-
s« ment of loneliness and overall mood [Figures 1(a-d)], 2) asking Open-EQ to get
ss additional information about the feeling of loneliness [Figure 1(e)], and 3) offer-
w6 1ng some practical suggestions for managing loneliness [Figure 1(f)], for example,
a7 “Call a friend or join an online group.”

s 3.2. Participants

309 The study targets college students who experience loneliness during the COVID-
a0 19 pandemic. The Research Ethics Committee of Hong Kong Baptist University
a1 granted ethics [human (non-clinical)] clearance approval for this study. We re-
a1z cruited 330 participants using mailing lists and public bulletin boards for three
a1z weeks. As a result, 266 participants successfully finished the entire study. To en-
s1a sure the quality of data, we filtered participants by four criteria: 1) the detected
ais outliers (N=14) having extraordinarily long or short completion time based on the
ais  interquartile range (IQR), 2) the participants (N=10) who failed in two attention
a1z check questions, 3) the participants (N=7) who gave the meaningless responses
ais (€.2., “nono” and “xxx”) to all the Open-EQs, 4) the participants (N=22) who
s19  gave the same answers to all the questions asked in the post-study. Finally, we
s20 kept 213 valid participants for further analyses. Among those 213 valid partici-
221 pants, 80.28% of them (N=171) are female (because HKBU has a 1.7 : 1 ratio of
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female students to male students *), 89.67% of them (N=191) are 18 to 25 years
old, 7.98% of them (N=17) are aged 25 to 30, and 2.35% (N=5) are older than
30. In addition, 78.87% of participants (N=168) are Hong Kong locals, and the
rest are international students. To thank participants for supporting our research,

30 participants who completed the study were drawn to receive a supermarket
coupon valued at 200 HKD (=25.7 USD).

3.3. Design Manipulations

3.3.1. Manipulation of Interaction Style

We offered two interaction styles for answering the questions in the psycho-
logical assessment: form-based and conversation-based. The choice of the two
alternative interaction styles for the psychological assessment is based on review-
ing the user interface design guidelines of several major conversational platforms
such as Messenger* and WhatsApp®. For example, the form-based interaction is
proposed based on the Webview in Messenger.

Form-based. The Percy bot offered an alternative way to present the questions
of a psychological assessment in which all questions are embedded in a web form
(see Figure 1(b)). We think the form-based interaction could increase psycho-
logical assessment efficiency while maintaining the interactivity of assessing their
mental health in the chatbot.

Shttps://intl.hkbu.edu.hk/student-exchange/incoming-students/why-hkbu/
fast-facts

“https://developers.facebook.com/docs/messenger-platform

Shttps://www.facebook.com/brand/resources/whatsapp/user-interface

10



Hi there! | am Percy.

I would like to help you know
yourself better through an
interview.

Can you tell me what you are
studying at HKBU?

| hope you enjoy studying at HKBU.

| know many students feel low
during the pandemic of COVID-19.

How are you feeling now?

’Exclled a] [ Happy o] [Re\axed u]

Calm & I Depressed ul

(a) The opening session
(all conditions)

Your Loneliness Score: 26

[

30
s

2
20
Poi
15 35
‘!0 26 40’
A study on loneliness for college students in America
(Hager et al. 2020) indicates that participants’ mean

score is 20.51 for loneliness measure during the
COVID-19 pandemic.

Loneliness Scale:

1.How often do you feel that you
lack companionship?

ONever
QORarely

(®Sometimes
OAlways

2.How often do you feel that you
have a lot in common with the
people around you?

ONever
QORarely

(O sometimes
®@Always

3.How often do you feel close to
people?

(®Never
QORarely

ercy

I'hope you enjoy studying at HKBU.

I know many students feel low
during the pandemic of COVID-19.

How are you feeling now?

That is great!

Let's take a test to learn more about
your recent mood.

As many students feel isolated while
working from home, let me ask you
10 questions to learn more about
your recent feelings of loneliness.

1. How often do you feel that you
lack companionship?

2. How often do you feel that you
have a lot in common with the

people around you?

(b) Closed-EQs for loneliness assessment (c) Closed-EQs for loneliness assessment

(form-based, 10 items)

I take your point.

What do you think of the influence
of COVID-19 pandemic on your
study and life?

I cannot go to school and take face-
to-face classes

Thanks for letting me know.

Can you tell me a little bit about any
contact you have with friends or

family recently?
I called my mom recently

Thanks for telling me.

What have you tried to manage
isolation and loneliness during
COVID-19?

Using more online applications to
meet my friends

Thank you.l really appreciate your
input.

What do you think could be the
main factors that contribute to
loneliness?

Type here

SEND >

(conversation-based, 10 items)

BEl

Yy

Think of something, great or small
(e.g., food you eat or the place you
live in), that you feel happy and
grateful for and describe it in a few
words.

Sharing my daily captures in my
| media

I know it is quite common that
people suffer from loneliness during
the pandemic. We have some
practical suggestions for coping with
loneliness.

Try calling a friend, family
member, health professional or
counsellor to talk about your
feelings.

Join an online group or class that
focuses on something you enjoy
- that could be anything from an
online exercise class, book club,
etc.

* Consider going for short walks in
public places (while keeping a
two metre distance).

* You can also contact HKBU
Counselling and Development
Centre
(https://sa.hkbu.edu.hk/cdc/) for
help.

Type here

SEND >

(d) The assessment score of loneliness
(based on 10-items Closed-EQs)

(e) Open-EQs asked after completing the
Closed-EQs of assessment

(f) Practical suggestions for managing
loneliness

Figure 1: Screenshots of Percy bot: (a) the opening session of conversation and mood recording,
(b) the loneliness assessment with the web form, (c) the loneliness assessment in the conversation,
(d) the result of loneliness assessment, (¢) Open-EQ for getting additional information about the
feeling of loneliness, and (f) practical suggestioli for coping with loneliness.
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Conversation-based. In this condition, all the loneliness psychological as-
sessment questions were presented in the conversational style. Users can an-
swer a question by clicking one of the buttons under the dialog in conversation
that contains, for instance, selecting one from four options: “Never”, “Rarely”,
“Sometimes”, and “Always” (see Figure 1(c)). The transformation from a web
survey to a conversational survey could improve response quality and user en-
gagement [14, 62].

3.3.2. Manipulation of Questionnaire Length

The longer questionnaire can result in a “straight-line” response pattern, which
means more identical answers to most Closed-EQ [25]. Thus, we think the ques-
tionnaire length could influence users’ patience and carefulness in the psycho-
logical assessment. Moreover, the increased response burden caused by a long
questionnaire may influence response quality and response length for Open-EQs.

In this study, our chatbot specializes in surveying university students’ lone-
liness during the pandemic of COVID-19. UCLA loneliness scale is the most
widely used instrument for assessing loneliness [17], and it has three validated
length versions, including three items, ten items, and twenty items, respectively
[99, 17]. Based on the three versions, we determined three questionnaire lengths:
short (three items), middle (ten items), and long (twenty items). The questions
in the short version are measured on a three-point scale (1 = Hardly Ever; 2 =
Some of the Time; 3 = Often) [99], while the questions in the middle and long
versions are rated on a four-point scale (1 = Never; 2 = Rarely; 3 = Sometimes; 4
= Always) [17].

3.4. User Study Design and Procedure

Based on our two independent variables, interaction style and questionnaire
length, we designed a 2 (interaction style: form-based vs. conversation-based)
X 3 (questionnaire length: short vs. middle vs. long) between-subjects study.
Figure 2 shows an overview of the study design, including the following three
major phases:

Pre-study. First, we asked all participants to sign a consent form and read an
information page describing Percy’s main features and explaining the steps they
should follow to finish the study. After that, we asked participants to answer three
questions about their demographics, including age, gender, and nationality.

Moreover, we asked participants to indicate their current mood from eight
options based on two dimensions of core-affect [100], including excited, happy,
relaxed, calm, sad, depressed, upset, and nervous (Figure 1(a)).
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Figure 2: User study design and procedure.

Loneliness survey. The loneliness survey contains a psychological assess-
ment (measured by Closed-EQs) and an interview (measured by Open-EQs). The
psychological assessment has six variants combining two design manipulations:
interaction style and questionnaire length. Following the between-subjects de-
sign, we randomly assigned participants to one of six conditions. When users
finished the psychological assessment, a result page popped up, showing a loneli-
ness score, a semicircle meter with color gradients for the score level, and an ex-
planation with a reference for the score (Figure 1(d)). The participants were then
guided to the interview session after closing the result page. During the interview,
the chatbot asked seven Open-EQ (see Table A.4 in Appendix A) to understand
the participants’ feelings of loneliness during COVID-19 deeply. As the chatbot’s
responses may likely influence how users chat with it [21], our chatbot only gen-
erated some general responses to users’ answers to avoid such interference. These
responses vary and depend on the content of users’ answers, for example, “Thank
you. I appreciate your input.” or “Thank you for your thoughtful input.” are
possible responses for the user answers of rich content, e.g., “I wish to be around
my family more often where I can be myself more. I also think exercising regu-
larly can help.”, while “Got it.” or “I understand!” are for simple and brief user
answers, e.g., “It’s fine.” or “nothing”.

Post-study. Participants were required to complete a questionnaire containing
sixteen five-point Likert scale questions (Table 1) to indicate their perceived as-
sessment credibility, self-awareness, enjoyment, and self-disclosure. In addition,
we asked participants to answer five Open-EQs (see Table B.5 in Appendix B)
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to understand their in-depth opinions on Percy.

3.5. Measurement and Analysis

This study measured users’ perceptions of the loneliness survey based on as-
sessment credibility, self-awareness, and enjoyment. Moreover, we adopted sev-
eral metrics for response quality and subjective and objective measures for self-

disclosure in user responses to Open-EQs.

Table 1: Post-Study Questionnaire for Measuring User Perceptions of the Survey and Self-
Disclosure

Construct Item Loading

Assessment Credibility (Cronbach alpha: 0.894; AVE: 0.741)
I am convinced that the score can indicate my feelings of 0.709

loneliness.

I am confident I will trust my loneliness score. 0.770
The loneliness score calculated by the Percy bot can be 0.674
trusted

Self-Awareness (Cronbach alpha: 0.818; AVE: 0.607)
[ have insight into myself.

I recognize the stress and worry in my current life. 0.696

[ understand myself well.

I generally feel positive about self-awareness. 0.581

The Percy bot made me aware of my loneliness. 0.754
Enjoyment (Cronbach alpha: 0.841; AVE: 0.649)

I enjoy talking with the Percy bot. 0.716

I feel enjoyable when I converse with the Percy bot. 0.798

I would like to answer survey questions with the Percy bot. 0.612
Self-Disclosure (subjective) (Cronbach alpha: 0.758; AVE: 0.610)

I think I have told my real feelings to the Percy bot. 0.605

I think I have provided sufficient information to the Percy 0.578

bot.

The design of the interview Percy bot made me think longer
about my responses compared to traditional surveys.

If time allows, I would like to spend more time elaborating
my responses to let the Percy bot understand me better.

I am not willing to reveal my feelings to the Percy bot. (re-
versed)

Note: The items marked in gray were dropped due to a poor loading value (< 0.5) or high
cross-loading value (> 12) measured by modification index [101].
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3.5.1. Perceptions of Loneliness Survey

Perceptions of the loneliness survey refer to participants’ feelings and attitudes
towards the loneliness assessment (Closed-EQs) and the interview (Open-EQs).
We employed a set of questions (see Table 1) to measure three constructs: assess-
ment credibility, self-awareness, and enjoyment. All these questions were mea-
sured on a five-point Likert scale. We run a confirmatory factor analysis (CFA)
to establish the validity of these question items. Commonly accepted cutoff val-
ues for convergent validity are 0.7 for Cronbach’s alpha, 0.5 for average variance
extracted (AVE) [102], and 0.5 for factor loading.

o Assessment credibility. It measures to what extent the psychological assess-
ment result can be trusted and believed. According to Hilligoss and Rieh’s
credibility framework consisting of three levels of credibility judgments:
construct, heuristics, and interaction [103], We composed three questions
to measure participants’ perceived credibility of their loneliness assessment
(Cronbach alpha: 0.894; AVE: 0.741).

o Self-awareness. Self-awareness is the participant’s ability to know and un-
derstand their feelings and behaviors. We measured self-awareness based
on the three validated questions of a Self-Awareness Outcomes Question-
naire (SAOQ) [104] (Cronbach alpha: 0.818; AVE: 0.607).

e Enjoyment. It gauges how much the participants enjoyed chatting with
Percy. We used three validated questions from a questionnaire for evalu-
ating recommendations in a mental health app [105] to measure enjoyment
(Cronbach alpha: 0.841; AVE: 0.649).

3.5.2. Response Quality

In this study, we did not measure the response quality of Closed-EQs using
methods such as differentiation response index (i.e., satisficing behavior of choos-
ing the same response every time) [106] because these metrics are usually applied
to assessing whether participants are serious and attentive for answering the ques-
tions in general surveys such as internet usage behavior [14] and course satisfac-
tion [62]. In our opinion, the motivation for completing a mental health survey
differs from answering a general survey. The participants are more motivated by a
need to understand their mental health status more accurately. Moreover, choosing
the same response to all the questions in a short psychological assessment (e.g.,
the short loneliness assessment with five Closed-EQs) does not necessarily mean
satisfying behavior.
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For Open-EQs, we measured the response quality based on Gricean Maxims
theory [107] that has often been used to evaluate the quality of users’ responses
in chatbots [87, 21]. Gricean Maxims was developed based on the cooperative
principle for enabling effective conversational communication by concretely con-
sidering four aspects: quantity, quality, relevance, and manner [108]. According
to the definition of Gricean Maxims, the aspect of “quality” refers to being truth-
ful in communication. Due to the general difficulty in assessing the truthfulness
of user responses [21], we did not measure this aspect. In our study, we concretely
adopted four quality metrics (i.e., informativeness, specificity, relevance, clarity)
used to evaluate user responses to Open-EQs in a chatbot [21], which were pro-
posed based on three Gricean Maxims aspects: quantity, relevance, and manner
(see Table 2). We measured these metrics based on user responses to all Open-EQ
asked by our Percy bot.

Table 2: Quality Metrics Defined Based on Gricean Maxims [21]

Gricean Definition Quality Metric Definition
Maxims
. One should be as informa-  Informativeness A participant’s  response
Quantity . . . .
tive as possible. should be as informative as
possible.

Specificity A participant’s  response
should give as much infor-
mation as needed.

Relevance  One should provide relevant  Relevance A participant’s  response
information. should be relevant to a
question.
Manner One should communicate in ~ Clarity A participant’s response
a clear and orderly manner. should be clear.

o Informativeness. Per the maxim of quantity, the communication should be
as informative as possible. The measure of informativeness in users’ re-
sponses based on Formula (1) [21] that calculates the sum of a word’s sur-
prisal based on the inverse of its occurrence frequency in four major English
corpora, including British National Corpus [109], the Brown Corpus [110],
Webtext 6, and the NPS Chat Corpus [111].

®https://github.com/teropa/nlp/tree/master/resources/corpora/webtext
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I(Response) = Y. log, F(W(l)rdn) M

e Response quality index. We measured the overall response quality by re-
sponse quality index (RQI) [21] that combines three quality metrics: speci-
ficity, relevance, and clarity, as shown in Formula (2) and respectively de-
fined in Table 2. The measures of the three quality metrics follow a man-
ual assessment method, and we defined three levels (0,1,2) for each met-
ric. In total, we collected 1,491 text responses from 213 participants. We
followed a standard coding protocol to code each response. First, we ran-
domly selected 10% of responses and then asked two researchers to finish
the coding independently. After that, they discussed the differences in cod-
ing, and a third researcher was involved in voting for the irreconcilable dif-
ferences. The coding criteria became more consistent after the discussion.
Finally, they finished coding for the rest of the responses. The Cohen’s
kappa of each set of coding (Specificity: k=0.73, Relevance: «=0.81, Clar-
ity: k=0.89) indicates good inter-rater reliability of the coded items .

ROI = ZnNzlspecificiry[i] x relevanceli] = clarityli]
(N is the number of responses in a completed assessment)

2)

Table 3 shows some examples of our coded responses. Specificity refers to
the level of details the response provides, and a specific response should
convey meaningful insights (0 — generic description only, 1 — specific con-
cepts, and 2 — specific concepts with detailed examples). Relevance mea-
sures to which extent the answer is relevant to the question asked during the
interview (0 —irrelevant, 1 — somewhat relevant, and 2 — relevant). Clarity is
measured based on the human effort of understanding the text (0 — illegible
text, 1 — incomplete sentences, and 2 — clearly articulated response).

3.5.3. Self-Disclosure

Self-disclosure involves sharing personal thoughts, feelings, or experiences
about oneself with others [113]. The quality of user responses to Open-EQs in a
survey is linked to the extent of self-disclosure [86], signifying the extent to which

7Slight: 0.0-0.2; Fair: 0.21-0.4; Moderate: 0.41-0.6; Substantial: 0.61-0.8; Almost Perfect:
0.81-1 [112].
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Table 3: Examples of Coded Responses to the Open-Ended Question Open-EQ7 (“Think of some-
thing that you feel happy and grateful for, great or small (e.g., the food you eat or the place you
live in).”)

Response Example Rating

“my family, including my father, even though he had passed Specificity:2, Relevance:2,
away. Also, my husband. All about love; I know they love me  Clarity:2, Self-disclosure:2
even though I don’t know how to express the gratitude.”

“Money” Specificity:2, Relevance:1,
Clarity:0, Self-disclosure:0

“Listening to my favorite music and watching my favorite reality ~ Specificity:2, Relevance:2,
show .” Clarity:1, Self-disclosure:1

“Everything will be fine.” Specificity:1, Relevance:2,
Clarity:0, Self-disclosure:0

a6 users are willing to share information with the chatbot. In Open-EQs, we assessed
a7 self-disclosure based on users’ subjective feelings and objective metrics of user
s responses, such as the breadth and depth of content.

489 o Self-disclosure (subjective). It assesses participants’ subjective perspec-
490 tives on sharing their feelings and thoughts about loneliness. The questions
491 for measuring subjective self-disclosure, as depicted in Table 1, have been
402 adapted from those used to evaluate user responses in a survey chatbot [62]
493 (Cronbach’s alpha: 0.758; AVE: 0.610).

494 o Self-disclosure (objective). 1t gauged the extent to which participants shared
495 their personal feelings and thoughts with the chatbot. We manually evalu-
496 ated the level of self-disclosure based on the breadth and depth of topics
497 conveyed in user responses to the seven Open-EQs (0 — a brief description
408 with no specific topic, 1 — a brief description with a specific topic, and 2 —
499 a detailed description with one specific topic / a description with multiple
500 topics) [91]. The self-disclosure coding demonstrated substantial inter-rater
501 reliability, as evidenced by Cohen’s kappa score of 0.69. As illustrated in
502 the example (the first example in Table 3), higher levels of self-disclosure
508 may encompass more detailed and private topics.

soa  3.6. Interaction Behavior

505 We also recorded response length for Open-EQs and engagement duration to
sos understand better how much users would like to interact with the chatbot.
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507 e Response length. Response length was counted by the number of words

508 in each participant’s responses to all seven Open-EQs during the interview.
509 The response length is usually proportional to the engagement duration.

510 o Engagement duration. Engagement duration measured the time a partici-
511 pant spent answering all the Open-EQs in the interview session of the lone-
512 liness survey. A longer engagement duration could mean the participant
513 invests more effort in thinking and answering the Open-EQ.

514 4. Results

515 This section presents the main results related to each research question. For
st the convenience of illustration, we use an expression of interaction*length to
517 denote each experimental condition in the remaining parts of this manuscript.
st In this expression, interaction can be “Con” or “Form”, respectively standing
sie  for conversation-based and form-based, and length can be “Short”, “Middle”,
s20  or “Long”. For example, Con*Middle refers to the condition where participants
21 assessed their loneliness by completing the middle-length UCLA loneliness scale
s22 (ten items) through conversation-based interaction for Closed-EQs.

523 To investigate two design factors (i.e., interaction style and questionnaire length),
s2«  we employed a 2x3 factorial design in our study. Additionally, we need to run
s2s  multiple regression analyses to test our research hypotheses. To achieve this, we
s2s have opted to use structural equation modeling (SEM) to analyze our results, given
se7 its capacity to evaluate multivariate causal relationships simultaneously within a
s2s  statistical estimation procedure [114]. Table C.6 in Appendix C presents the
s20  descriptive statistics of the dependent variables (DVs) for six experimental condi-
sso  tions derived from a 2x3 factorial design.

sst 4.1. Structural Equation Modeling

532 We use lavaan, 8 an R package to build our SEM model. Some dependent vari-
sss - ables (DVs), such as informativeness, engagement duration, and response length,
ss« - were measured differently from the five-point Likert scale for measuring the DVs
sss  related to user perceptions, resulting in much larger values. Therefore, we nor-
sss  malized the values of these dependent variables by using the scale() function in
ss7 - R, which scales the data based on the mean value and the standard deviation. In
sse addition, as our data do not conform to the normal distribution, we chose a more

$https://lavaan.ugent.be/
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robust estimator, “MLR,” in our SEM analysis. The sample size of our study
meets a CFA/SEM rule of thumb that 10:1 is the recommended ratio of subjects
to observable variables (N:q) [115] and the recommended sufficient sample size
(N = 200) for structural equation modeling [116, 117]. Following the procedure
of trimming non-significant paths in SEM model [118], we obtain our resulting
model (see Figure 3) showing a good fit *: y?(149) = 209.323, p=.003 '; root
mean squared error of approximation (RMSEA) = 0.044; 90% CI: [0.029, 0.057];
Comparative Fit Index (CFI) = 0.969; Turker-Lewis Index (TLI) = 0.963. In addi-
tion, we utilized the R package, semPower, !! to execute a post-hoc power analysis
for our obtained model. The analysis revealed a high power level (power > .98)
with a sample size of N = 213 to identify misspecifications of a model (involving
df = 149 degrees of freedom) corresponding to RMSEA > .05 at an alpha error
level of .05.

Main effect Design manipulations Control
Open-EQ measures Perceptions of surve A
o — — —» Interaction effect l:l of Closed-EQs P P v variables
0.392 (0.145) **
1.589 (0.157) *** Response quality
Informativeness ——— index (RQI) Mood
& Bt =0.712
o}* 0.004/(0.038) *
gﬁ 0.2080.099) *
0.142((0.041) **
q °°' Assessment
Interaction style 0.378 (0.142) ** NG Self-awareness

. credlblllty Q
form vs. conversation 0034 \0,'\0 R*=0.186
n?"’b‘
— = 0.068 (0.019) [***
+ B ¢ ) 0.52, (0113) ok 6

I
Questionnaire ! Self-disclosure
length : (objective)
I
I
I

0.026 (o 010) * Se”—d_iSle’SUfe 0.754 (0.199) *+* N
(subjective) —_—
-
short vs. middle vs. long =0.900 R =0317 R = 0.457

Figure 3: The structural equation model for our user study’s data. Significance levels: ***
p <.001, ** p <.01, * p <.05. The numbers on the edges refer to the S coefficient and stan-
dard error (in parentheses) of the causal relationship. R? is the proportion of variance explained
by the model. Factors are scaled to have an SD of 1. The paths labeled with H1 and H6 indicate
these two paths support hypotheses H1 and H6.

“Hu and Bentler [119] proposed cutoff values for several fit indices to be: CFI > .96, TLI >
.95, and RMSEA < .05, with the upper bound of its 90% CI below 0.10.

1A model should not have a non-significant y2, but this statistic is regarded as too sensi-
tive [120].

"https://github.com/moshagen/semPower
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Figure 4: Marginal effects of interaction style and questionnaire length on different DVs. The
effects of the baseline Form*Short are set to zero, and the y-axis is scaled by the sample standard
deviation. Significance levels: **p <.05, * p <.1.

In addition, to understand how the values of a dependent variable (e.g., as-
sessment credibility) change with variation of the independent variable (IV) (e.g.,
interaction style), we analyzed the marginal effects of the two IVs (i.e., interac-
tion style and questionnaire length) on each DV, assuming other covariates to be
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fixed [121]. Figure 4 shows the marginal effects of dependent variables that are
associated with significant main effects or interaction effects of two design factors.
In order to effectively gauge or test our hypothesis, we also consider the potential
influence of control variables (such as age, gender, education level, and mood)
on the dependent variable. The findings indicate that education level significantly
impacts self-disclosure, while mood significantly affects self-awareness.

4.2. The Effects of Interaction Style with Closed-EQs on Perceptions of the Survey
(RQI)

The SEM model (Figure 3) shows a direct positive effect of interaction style on
assessment credibility (8 = 0.378, p <.01). Moreover, as depicted in Figure 4(a),
the conversation-based design appears to compromise user-perceived assessment
credibility, particularly when combined with the short questionnaire. Con*Short
was lower than the baseline with marginal significance (p <.1). Thus, we can
accept the hypothesis H1: the form-based psychological assessment would lead
to higher assessment credibility. Moreover, the model shows no other significant
effects of interaction style on enjoyment and response quality in Open-EQs. Thus,
we cannot accept the hypothesis H2: the conversation-based psychological assess-
ment leads to higher enjoyment, and the hypothesis H3: the conversation-based
psychological assessment leads to higher response quality in Open-EQs. The
marginal effects on enjoyment (Figure 4(c)) indicate that combining conversation-
based interaction and a short questionnaire could lower enjoyment, and Con*Short
is significantly lower than the baseline in terms of enjoyment (p <.05). In addi-
tion to testing our hypothesized effects, the model shows a significant effect of
interaction style on self-awareness (8 = 0.392, p <.01). The marginal effects
on self-awareness (Figure 4(b)) show that form-based interaction leads to higher
self-awareness than conversation-based interaction regardless of the questionnaire
length.

4.3. The Effects of Questionnaire Length on Perceptions of the Survey (RQ2)

Manipulating questionnaire length does not directly affect any investigated
measures for users’ perceptions of the survey. Thus, we could not accept the hy-
pothesis H4: a shorter questionnaire leads to lower assessment credibility, and
the hypothesis HS: a longer questionnaire leads to higher self-awareness. Even
though not statistically significant, users seem to perceive higher assessment cred-
ibility with the form-based design when completing a middle questionnaire (refer
to Figure 4(a)), and they attain increased self-awareness by completing a longer
questionnaire (as seen in Figure 4(b)). Furthermore, we find an interaction effect
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of interaction style and questionnaire length on enjoyment, which is marginally
significant, y?(2) = 4.446, p =.108. In other words, the effects of questionnaire
length on enjoyment depend on the interaction style. Specifically, the distinc-
tion between the short questionnaire and questionnaires of other lengths is more
pronounced with conversation-based interaction than with form-based interaction
(see Figure 4(c)).

4.4. The Effects of Interaction Style with Closed-EQs on User Responses to Open-
EQs (RQ3)

The SEM model (Figure 3) does not show any direct effect of interaction
style on response quality and self-disclosure measures. Despite no significant
direct main effects of interaction style on response quality, the form-based de-
sign could positively influence self-disclosure (subjective and objective) and RQI
through assessment credibility. The assessment credibility positively influences
self-disclosure (subjective) (8 = 0.528, p <.001) and RQI (8 = 0.208, p <.05),
which in turn positively influences self-disclosure (objective). Thus, the signif-
icant effects of assessment credibility on self-disclosure (subjective) and self-
disclosure (objective) allow us to accept the hypothesis H7: higher credibility
leads to more self-disclosure in Open-EQs.

Specifically, the significant paths (PI: Interaction style — Assessment credi-
bility — Self-disclosure (subjective) — Self-disclosure (objective)) and (P2: In-
teraction style — Assessment credibility — RQI — Self-disclosure (objective))
indicate a mediating role of assessment credibility in the effects of interaction style
on self-disclosure (objective) in Open-EQs. Figure 4(g) shows that regardless of
the questionnaire length, conversation-based interaction results in lower levels of
self-disclosure (objective) compared to form-based interaction. However, the total
indirect effect of assessment credibility on self-disclosure (objective) is minimal
(B = 0.057).

4.5. The Effects of Questionnaire Length on User Responses to Open-EQs (RQ4)

The model does not show any main effects of questionnaire length on response
quality. The marginal effects of questionnaire length on RQI and informative-
ness illustrate the non-significant difference caused by the manipulation of ques-
tionnaire length (see Figure 4(d and e)). Compared with the baseline condition
(Form*Short), the short and middle questionnaires lead to lower response quality
with the conversation-based design.

Despite no main effect of questionnaire length on self-disclosure measures, we
find a significant interaction effect of interaction style and questionnaire length on
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self-disclosure (subjective), x*(2) = 8.508, p <.05, indicating that the effect of
questionnaire length on self-disclosure (subjective) depends on interaction style.
For instance, the marginal effect on subjective self-disclosure (Figure 4(f)) indi-
cates that the middle questionnaire results in the highest subjective self-disclosure,
with marginal significance (p <.01) when combined with conversation-based in-
teraction, whereas it leads to the lowest subjective self-disclosure when combined
with form-based interaction.

4.6. Relations Between User Responses to Open-EQs and Perceptions of the Sur-
vey

The model also reveals the relationships between the perceptions of the survey
(i.e., enjoyment and self-awareness) and user responses to Open-EQs. Specifi-
cally, the significant path (P3: Informativeness — RQI — Self-disclosure (subjec-
tive) — Self-Awareness & Enjoyment) confirms the mediated effects of informa-
tiveness and response quality on self-awareness and enjoyment. As self-disclosure
(subjective) positively influences self-awareness (8 = 0.354, p <.01), we could
accept the hypothesis H6: higher self-disclosure is positively associated with self-
awareness. Interestingly, self-disclosure (subjective) has a strong positive effect
on enjoyment (8 = 0.754, p <.001), indicating that participants who are willing
to disclose their personal feelings and experiences are more likely to perceive en-
joyment while interacting with the survey chatbot. Moreover, the significant path
(P4: Assessment credibility — Self-disclosure (subjective) — Self-Awareness &
Enjoyment) suggests that participants who perceive higher assessment credibility
tend to disclose their feelings and thoughts about loneliness with the chatbot and
then perceive higher self-awareness and enjoyment.

4.7. Interaction Behavior

We recorded the number of words in each participant’s responses to all Open-
EQs (response length) and the total time they spent answering them (engage-
ment duration). Design manipulations do not directly affect response length and
engagement duration. Nevertheless, the conversation-based interaction leads to
shorter responses than the form-based interaction, and the condition of Form*Middle
has the longest response on average (M=60.9 words, SD=44.6). Furthermore, the
questionnaire length positively influences engagement duration when adopting the
conversation-based interaction, and the condition of Form*Middle has the longest
engagement duration (M=339.8 seconds, SD=277.7).
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4.8. Subjective Feedback

To better understand participants’ subjective experiences of two design manip-
ulations in our survey chatbot, we performed a thematic analysis [122] based on
participants’ responses to the five Open-EQs in the post-study (Table B.5). Two
authors independently finished half of the responses and addressed the conflicts
in coding through additional discussion, resulting in an almost perfect inter-rater
agreement among coding tested by Cohen’s kappa (k = 0.85) 2. One author fin-
ished coding the remaining responses and discussed them with another author to
reach a consensus on the codes.

The Length of Questionnaire. Using a short questionnaire could potentially
diminish the credibility of the assessment. Although the questionnaire length
does not significantly influence assessment credibility according to the quantita-
tive analysis, a short questionnaire seems to decrease users’ perceived assessment
credibility. Certain participants trying with the short version of the assessment
believed that incorporating more question items could enhance the credibility of
the test, as two participants noted,

“I think there could be more questions to indicate my loneliness score
better.” (P7, Form*Short)

“I don’t think people’s loneliness can be scored when people just an-
swer three questions.” (P170, Con*Short)

Interaction Style of Psychological Assessment. Moreover, compared with
the form-based interaction, the conversation-based interaction offers a more casual
way for users to answer the questions measured by the Likert scale. However, it
may also make the questionnaire perceived as less formal, aligning with the result
of quantitative analysis. One participant called,

“It is just like chatting. But I don’t really agree with the score, and it
may need an adjustment to have more options. Maybe 0 to 10.” (P40,
Con*Middle)

It seems that presenting the questions of a psychological assessment via the
conversational style decreases the questionnaire’s formality [60], which in turn
influences users’ perceived assessment credibility. However, some participants

12Slight: 0.0-0.2; Fair: 0.21-0.4; Moderate: 0.41-0.6; Substantial: 0.61-0.8; Almost Perfect:
0.81-1[112].
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doubted the assessment’s credibility because of the ambiguous measurement stan-
dard for loneliness; for example,

“...these are some general questions, cannot be sure if the score is
trustworthy cause people have different standards.” (P206, Con*Middle)

Additionally, a few participants also complained about the increased interac-
tion time caused by the conversation. For example, one participant stated,

“Filling in an online form can be boring if there are too many ques-
tions. Chatting with the Percy bot is interesting, at least with more

interaction. But chatting with a bot can be time-consuming.” (P137,
Form*Middle)

Psychological Assessment Result. The assessment score is key to self-awareness.

Many participants claimed that they became more aware of their loneliness status
by finishing the psychological assessment. One participant noted,

“I think the questions asked were relevant for calculating the loneli-
ness score. I am aware of what my feelings are during the pandemic.”
(P108, Form*Middle)

Some participants thought the reference on the result page (see Figure 2(d))
showing the mean score of others who completed this loneliness assessment helped
them better understand their loneliness status.

“Comparing to the mean score, I know more about my status among
people.” (P137, Form*Short)

5. Discussion

Prior research has highlighted the benefits of using a survey chatbot as com-
pared to a conventional survey delivered through web forms. This study delves
deeper into the refined design aspects of a survey chatbot within the scope of
mental health. More specifically, we explore the impact of the interaction style
and length of psychological assessments featuring Closed-EQs on the quality of
responses to subsequent Open-EQs within a survey chatbot. Thus, the findings
from this investigation are contextualized within a survey chatbot environment
that presents both Closed-EQs and Open-EQs.

Before discussing the results of our study, we first briefly summarize our re-
search findings based on quantitative and qualitative results.

26



725

726

727

728

729

730

731

732

736

737

738

739

740

741

742

743

744

745

746

747

748

749

751

752

753

754

755

756

757

758

1. The interaction style of psychological assessment significantly affects
the assessment credibility and self-awareness. The influenced assess-
ment credibility could influence response quality and self-disclosure for
Open-EQs. The participants who completed the psychological assessment
via the form-based interaction were more convinced by the assessment,
thereby being more engaged in responding to the follow-up Open-EQs and
being more aware of their feelings.

2. The questionnaire length does not significantly impact the assessment
credibility and user responses to Open-EQs. Although there is an in-
teraction effect between interaction style and questionnaire length on self-
disclosure (subjective) and enjoyment, questionnaire length has no signifi-
cant main effect on any dependent variables.

3. The assessment credibility mediates the effects of psychological assess-
ment design on users’ responses to Open-EQs. The psychological assess-
ment design has indirect positive impacts on users’ self-disclosure (objec-
tive) and response quality index (RQI) through the assessment credibility.

5.1. Psychological Assessment Design

The psychological assessment is vital for monitoring mental health status and
delivering timely adaptive interventions in a mental health survey chatbot [123].
This is especially crucial when access to mental health services is limited, as seen
during events like the COVID-19 pandemic [124]. With this in mind, our inves-
tigation focuses on how the design of the psychological assessment with Closed-
EQs could impact users’ perceptions of the assessment and their responses to
Open-EQs in a survey chatbot.

5.1.1. Interaction Style of Closed-EQs

Our study investigated two interaction styles of psychological assessment with
closed-ended questions in a survey chatbot: form-based and conversation-based.
Previous studies have demonstrated the benefits of conversation-based design over
form-based design for the entire survey in terms of response quality [14, 62, 21],
without making a distinction between Closed-EQs and Open-EQs. However, we
found that within a survey chatbot, the form-based interaction leads to higher
assessment credibility with Closed-EQs, which in turn leads to higher response
quality in Open-EQs. We argue that survey design for psychological assessments
is different from surveying course satisfaction [62], gamers’ opinions [21], and
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Internet usage behavior [14] in previous studies. In contrast to traditional surveys,
the psychological assessment is frequently succeeded by an assessment score or
report, aiming to provide users with an understanding of their health status and en-
courage positive health behavior changes [50]. This process may lead participants
to take the assessment questions more seriously, as inaccurate self-assessments
could potentially impact mental health [125].

Despite the benefits of casual communication (e.g., more communicative [126],
or a strong feeling of being involved [127]), formal communication has been
proven to be associated with high information credibility [128]. Furthermore, a
prior study showed that with a task-oriented chatbot, users are more likely to feel
like performing a task in a natural, casual, informal conversation rather than in
goal-directed settings [129]. Therefore, we speculate that the casual communica-
tion conveyed by the conversation-based design may decrease the users’ perceived
formality of assessment and weaken their perceived assessment credibility.

Moreover, our study shows that the conversation-based interaction signifi-
cantly increases interaction time than the form-based one while adopting a long
questionnaire (Figure 4(i)), which aligns the findings of a previous study on a
survey chatbot with Closed-EQs [14]. Unlike the responses to Open-EQs, which
could be diverse free-text inputs, the responses to Closed-EQs are based on pre-
defined content, such as the Likert scale or multiple-choice. We think that the
increased response time of the psychological assessment may imply a lower ef-
ficiency of assessment rather than higher user engagement. The conversational
interaction may especially cause users’ displeasure at the slow pace of complet-
ing a long questionnaire. Therefore, we wonder how we may make a trade-off
between the advantages of the conversation-based design (e.g., natural interac-
tion, less non-differentiation in a rating task, aka a “straight-line” response [14])
and its disadvantages (e.g., low efliciency). For example, one participant (P137,
Form*Short) stated, “Chatting with the Percy bot is quite interesting, at least with
more interaction. However, chatting with a bot can be time-consuming.” Thus,
a form-based design could be more suitable for presenting a questionnaire in a
chatbot because it maintains the formality and efficiency of the questionnaire and
does not influence users’ perceived interactivity of responding to the follow-up
Open-EQs in the survey chatbot.

Therefore, we suggest adopting a form-based design for the psychological
assessment in a survey chatbot for mental health. Although the conversation-
based design has distinct advantages over the form-based design, such as inter-
active content [14], reciprocity [45], and human-like communication [44, 21], it
also imposes more interaction time on users [14, 21]. More notably, the form-
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based design makes participants perceive higher assessment credibility than the
conversation-based. Therefore, chatbot designers could embed a form-based psy-
chological assessment into the chatbot before asking Open-EQs through conver-
sation. This hybrid design may also combat the survey-taking fatigue in case the
participants are expected to be more engaged in responding to the Open EQs [21].
On the one hand, users may feel they are still answering questions in the chatbot;
on the other hand, they may focus more on questionnaire content, which is less
tedious than following the humdrum conversation pattern to answer Closed-EQs.

5.1.2. The Length of Questionnaire with Closed-EQs

Information completeness 1s a major factor that influences the perceived cred-
ibility of health information [130]. The length of the questionnaire reflects how
much information is collected for assessment, which could affect the complete-
ness of the assessment information. Thus, we investigated how the questionnaire
length influences the assessment credibility. However, we did not find a signif-
icant main effect of questionnaire length on users’ perceived assessment credi-
bility, probably because the participants did not perceive significantly different
assessment results regarding information completeness with three different ques-
tionnaire lengths (short, middle, and long). Moreover, our results also indicate
that questionnaire length does not have a significant main effect on the response
quality and self-disclosure in Open-EQs, which echoes the findings of prior work
that the response quality of Open-EQs is not associated with the survey length
[63, 24]. Thus, keeping the assessment as short as possible is unnecessary, but the
content (questions) of the psychological assessment should satisfy the users’ as-
sessment needs [63]. Additionally, the significant interaction effects of interaction
style and questionnaire length on enjoyment and subjective self-disclosure in the
follow-up Open-EQs suggest that the determination of questionnaire length might
also depend on the questionnaire’s interaction style. Therefore, we suggest that
designers may determine the questionnaire length based on user needs and
the interaction style of the questionnaire.

Moreover, according to a recent literature survey on the instruments used in
the psychological assessment of mental health and health behavior [50], among
21 surveyed questionnaires (e.g., GAD-7 for anxiety [40], PHQ-7 for depres-
sion [39], PHQ-15 for physical symptoms [131]), the questionnaire length varies
from 2 to 28 items, similar to the range used in our study. Consequently, our find-
ings regarding the impact of questionnaire length could potentially be applied to
scenarios utilizing other psychological assessments.
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5.1.3. Assessment Credibility

Users’ perceived credibility of health information significantly impacts their
behavioral intention of using the health informatics service [132]. In our study, the
structural equation model (Figure 3) demonstrates a mediating role of assessment
credibility in the effects of the interaction style of psychological assessment on the
metrics evaluating users’ responses to Open-EQs. The users’ perceived credibility
of assessment is critical to the mental health survey, as it could influence user
engagement in the activities at a later stage [132], for example, answering Open-
EQs in a mental health survey.

Online health information can be categorized mainly into scientific and expe-
riential information [133]. The results of the psychological assessment provided
by the agent belong to scientific information, the credibility of which is mainly as-
sessed based on reference credibility [133]. Thus, our psychological assessment
result (score) page also shows an academic reference (Figure 1(d)) to justify the
interpretation of the assessment score (Figure 1(d)). However, we wonder if par-
ticipants could notice the study’s reference and how much it may help them justify
the result. Our qualitative results indicate that although we provide a descriptive
explanation of the psychological assessment results based on a reference (Fig-
ure 1(d)), some participants still do not trust the assessment score due to the am-
biguous measurement standard for loneliness, for example, “...cannot sure if the
score is trustworthy cause people have different standards.” (P206, Con*Middle)
Therefore, the future design may allow users to ask for further explanations of
the psychological assessment results through conversation. When addressing user
inquiries about assessment results, the conversational explanation may be consid-
ered more convincing by users due to the persuasive potential of the chatbot [83].

In general, the credibility of information on the web can also be influenced by
multiple aspects of the information medium, such as content format, design of user
interface, and interactivity [59]. With the evolution of human-computer interac-
tion, virtual agents’ simulated human-human interaction is increasingly popular
for mental health because of greater interactivity that supports therapeutic con-
versation [134]. However, should we deliver all the services in a mental health
chatbot through conversation? For the psychological assessment, our study re-
sults suggest that the participants perceived higher assessment credibility with
the form-based assessment questionnaire than with the conversation-based ques-
tionnaire. As most mental health surveys still adopt form-based questionnaires,
the conversation-based interaction style probably does not conform to the partici-
pants’ mental model of taking a psychological assessment.
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5.2. User Responses to Open-EQs

We evaluated user responses to Open-EQs in our survey chatbot from multiple
aspects, among which self-disclosure and response quality have more often been
emphasized in the previous studies [44, 21, 45].

Self-disclosure refers to revealing personal and even sensitive information to
others [135]. Prior work has identified its important role in building trust [136] and
intimacy [137] for communication. In our study, users’ subjective self-disclosure
is satisfying (above 3.8 out of 5) in all the experimental conditions. Still, their ob-
jective self-disclosure (below 1 out of 2) is not as good as the subjective measure.
The discrepancy between the two measures might be due to our chatbot’s limited
social skills. Since our study has aimed to investigate the effects of psychological
assessment design on users’ self-disclosure in Open-EQs, we did not incorporate
the social characteristics into the chatbot design, such as proactivity (e.g., ac-
tive listening [44]) and emotional intelligence (e.g., empathetic responses [138]),
which, however, could encourage honest self-disclosure during the communica-
tion [139].

The interaction style indirectly influences subjective and objective self-disclosure
through assessment credibility, while questionnaire length does not (Figure 3).
Despite the lack of a main effect of questionnaire length, questionnaire length
seems to influence the effect of interaction style on self-disclosure (subjective).
Although participants thought the design manipulations of psychological assess-
ment did not significantly influence their willingness to disclose themselves (sub-
jective self-disclosure) for Open-EQs, in practice, they showed more self-disclosure
in form-based conditions than in conversation-based conditions. This may imply
that the form-based interaction is more favorable than the conversation-based in-
teraction regarding users’ self-disclosure in their responses to Open-EQs.

We measured the response quality of Open-EQs from multiple dimensions,
and the Form*Middle design leads to the highest response quality index (RQI),
and the Form*Short design has the highest informativeness. We argue that per-
ceiving higher assessment credibility in the form-based questionnaire motivates
participants who feel lonely to talk with the survey chatbot. Furthermore, the re-
sponse quality of Open-EQs is highly associated with objective self-disclosure,
which aligns with the findings of existing work [21, 140].

6. Limitations

Our study has several limitations that need to be mentioned while interpreting
our research findings, including the unbalanced gender distribution, narrow scope
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of mental health, and limited social communication skills of our chatbot.

First, our primary target group is university students who may suffer from
loneliness. To reach a broad audience, we have collaborated with the Counsel-
ing and Development Center (CDC) of Hong Kong Baptist University (HKBU)
to recruit participants within the university. However, we encountered an imbal-
ance in the gender distribution of our participants, primarily because HKBU has a
higher ratio of female students. In addition, existing research suggests that lone-
liness is more commonly experienced by males than females [141]. However, the
analysis of gender as a control variable on all dependent variables did not yield
significance. Therefore, the gender imbalance should not significantly impact the
generalizability of our findings.

Second, we investigated the design of the psychological assessment only for
loneliness because the loneliness scale has three validated length versions, which
meets our requirement of manipulating questionnaire lengths as short, middle,
and long. Strictly speaking, loneliness is not a mental health issue, but it is closely
related to various mental health issues such as anxiety, stress, and depression [142,
143]. Lonely people may behave differently from those who suffer from mental
health issues regarding self-disclosure intentions. For example, lonely people are
more willing to disclose private information than those connected [144], while
individuals with depression and anxiety are associated with lessened emotional
self-disclosure [145]. Therefore, further study is needed to validate to what extent
our findings on the psychological assessment design can be generalized to a survey
chatbot for screening other mental health issues.

Third, our current survey design is that Open-EQs were positioned immedi-
ately after Closed-EQs. While this sequential arrangement is common in mental
health survey design, there are some alternative methods to mix Open-EQs and
Closed-EQs. For example, participants could explain their choices of a Closed-
EQ through the following Open-EQ. This highlights the need for further research
to explore diverse psychological measurement design approaches in survey chat-
bots.

Fourth, since we have focused on investigating the impacts of the psychologi-
cal assessment design on user responses to Open-EQs, our survey chatbot provides
relatively unified responses according to the length of users’ responses. For ex-
ample, “I understand.” or “Thank you. I really appreciate your input.”. However,
some participants expected to receive more meaningful and personalized feedback
while conversing with the chatbot. For example, “...the bot response does not re-
ply authentically according to my response.” (P56, Con*Middle) In the future, we
plan to incorporate sophisticated social communication skills, such as active lis-
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tening [44] and bot self-disclosure [46, 45] into a survey chatbot for mental health.
Besides, the chatbot powered by large language models (LLMs) [146], e.g., Chat-
GPT,"? has demonstrated an impressive ability to understand and generate natural
language in conversation. Therefore, we will consider leveraging the LLMs to
generate engaging and empathetic responses so as to improve user engagement in
the survey chatbot for mental health.

7. Conclusions

We conducted a field study (N=213) that investigated how two prominent de-
sign factors of the psychological assessment (i.e., interaction style and question-
naire length) influence user responses to the open-ended questions (Open-EQs)
in a survey chatbot for mental health. The results indicate that the form-based
interaction is more favored than the conversation-based interaction for the psy-
chological assessment regarding users’ perceived assessment credibility and self-
awareness. The increased assessment credibility could further stimulate more
self-disclosure and quality responses in Open-EQs. Moreover, although the ques-
tionnaire length has a limited impact on user responses to Open-EQs, we suggest
that the questionnaire length could be adapted to the assessment purpose and con-
tent or be determined based on participants’ time pressure. To the best of our
knowledge, most existing works on mental health chatbots focus on enhancing
chatbots’ communication skills to increase user engagement and response qual-
ity [44, 21, 46, 45]. However, little work has investigated the potential effect of
the psychological assessment design in a survey chatbot for mental health. Fi-
nally, we explain our findings through an SEM model containing all design fac-
tors, response quality and self-disclosure in Open-EQs, and the users’ perceptions
of the survey. By investigating two prominent design factors of the psychologi-
cal assessment in a survey chatbot for mental health, we believe that the findings
could be suggestive for researchers and practitioners to better leverage the chatbot
technology for improving the quality and user experience of their mental health
survey.
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Appendix A. Open-ended Questions

Table A.4: The Open-Ended Questions Asked During the Interview Session

ID Question

Open-EQ1 In general, how would you describe your current mood?

Open-EQ2 What do you think of the influence of the COVID-19 pandemic on your study
and life?

Open-EQ3 Can you tell me a little bit about any contact you have had with friends or
family recently?

Open-EQ4 What have you tried to manage isolation and loneliness during COVID-19?

Open-EQ5 What do you think could be the main factors contributing to loneliness?

Open-EQ6 What would it take for you to feel happier or more at peace?

Open-EQ7 Think of something that you feel happy and grateful for, great or small (e.g.,

the food you eat or the place you live in).

19 Appendix B. Post-study Questions

Table B.5: The Questions Asked in the Post-Study

ID

Question

Post-Ql
Post-Q2
Post-Q3

Post-Q4
Post-Q5

What do you think of answering the questions to know your loneliness score?
What do you think of knowing your mental status by chatting with such a bot?
What do you think of answering the questions in conversation with the Percy bot
instead of filling in an online form?

What do you think of describing your feelings through talking with the Percy bot?
What questions that the Percy bot asked may make you feel concerned about?
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120 Appendix C. Descriptive Statistics of Dependent Variables

Table C.6: Descriptive Statistics of Dependent Variables

Dependent Form*Short Form*Middle Form*Long Con*Short Con*Middle Con*Long
variable (N=34) (N=36) (N=35) (N=33) (N=35) (N=40)
Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD)

Subjective Experiences

Assessment Credibility ~ 3.69 (0.66) 3.89 (0.56) 3.74 (0.67) 3.34 (0.95) 3.53(0.84) 3.62 (0.77)
Self-Awareness 3.58 (0.66) 3.75 (0.65) 3.78 (0.66) 3.50 (0.72) 3.67 (0.82) 3.57(0.67)
Enjoyment 3.83 (0.68) 3.91 (0.80) 3.78 (0.71) 3.40 (0.73) 3.84 (0.95) 3.83 (0.69)
Response Quality

Informativeness 671.0 (458.3) 625.8 (4144)  618.6(406.3) 547.5(329.4) 519.3(359.0) 644.2(554.5)
Specificity 1.08 (0.47) 1.10 (0.40) 1.08 (0.41) 0.97 (0.38) 0.94 (0.40) 1.01 (0.40)
Relevance 1.85 (0.21) 1.90 (0.17) 1.87 (0.18) 1.86 (0.27) 1.82 (0.21) 1.87(0.23)
Clarity 1.53 (0.32) 1.58 (0.29) 1.60 (0.27) 1.54 (0.28) 1.47 (0.30) 1.55 (0.33)
RQI 3.41(2.19) 3.56 (1.86) 3.46 (1.88) 3.08 (1.68) 2.80 (1.84) 3.27 (1.87)

Self-Disclosure
Self-Disclosure (sub.) 4.18 (0.68) 3.82 (0.75) 4.00 (0.66) 3.92 (0.68) 4.24 (0.69) 4.16 (0.57)
Self-Disclosure (obj.) 0.96 (0.53) 0.94 (0.47) 0.95 (0.50) 0.88 (0.42) 0.78 (0.51) 0.90 (0.46)

Response Length 60.9 (44.6) 56.2 (39.5) 55.8(39.4) 48.5(31.8) 45.8 (34.6) 57.6 (51.5)
Engagement Duration ~ 267.4 (119.4) 339.8 (277.7)  278.9 (162.8) 261.9(104.5) 291.0(184.1) 333.6(226.0)

Note: 1. RQI is calculated based on specificity, relevance, and clarity by using Formula (2). 2. The highest value of each
dependent variable is marked in bold.
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