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The Way You Assess Matters: User Interaction Design of Survey Chatbots2

for Mental Health3

Yucheng Jin, Li Chen, Xianglin Zhao, Wanling Cai4

• This work investigates how the interaction design of psychological assess-5

ment with closed-ended questions could influence user responses to open-6

ended questions in a survey chatbot for mental health.7

• An empirical study shows the significant effects of interaction style (form-8

based vs. conversation-based) on user-perceived assessment credibility and9

self-awareness.10

• A structural equation model illustrates the mediating role of perceived as-11

sessment credibility in the effects of psychological assessment design on12

user responses to the subsequent open-ended questions.13
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Abstract17

The global pandemic has pushed human society into a mental health crisis,18

prompting the development of various chatbots to supplement the limited men-19

tal health workforce. Several organizations have employed mental health sur-20

vey chatbots for public mental status assessments. These survey chatbots typi-21

cally ask closed-ended questions (Closed-EQs) to assess specific psychological22

issues like anxiety, depression, and loneliness, followed by open-ended questions23

(Open-EQs) for deeper insights. While Open-EQs are naturally presented conver-24

sationally in a survey chatbot, Closed-EQs can be delivered as embedded forms25

or within conversations, with the length of the questionnaire varying according to26

the psychological assessment. This study investigates how the interaction style of27

Closed-EQs and the questionnaire length affect user perceptions regarding survey28

credibility, enjoyment, and self-awareness, as well as their responses to Open-29

EQs in terms of quality and self-disclosure in a survey chatbot. We conducted a 230

(interaction style: form-based vs. conversation-based) × 3 (questionnaire length:31

short vs. middle vs. long) between-subjects study (N=213) with a loneliness32

survey chatbot. The results indicate that the form-based interaction significantly33

enhances the perceived credibility of the assessment, thereby improving response34

quality and self-disclosure in subsequent Open-EQs and fostering self-awareness.35

We discuss our findings for the interaction design of psychological assessment in36

a survey chatbot for mental health.37

Keywords: Chatbots, survey design, open-ended questions, psychological38

assessment, self-disclosure, mental health, loneliness39

1. Introduction40

The rise of mental health issues among young adults has become a significant41

public health challenge [1, 2, 3, 4], further intensified by the global pandemic’s42
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impact on various aspects of life [5, 6, 7]. Early detection and intervention are cru-43

cial for providing targeted support and treatments [8, 9]. With the rapid advance-44

ment in artificial intelligence (AI), several organizations, including universities,45

hospitals, and public sectors, have begun utilizing mental health survey chatbots46

for conducting psychological assessments to determine individuals’ mental states47

and needs [10, 11, 12]. Compared with traditional web-based surveys, chatbot48

surveys have demonstrated advantages in response rate, user engagement, and re-49

sponse quality due to the natural conversation and interactive features [13, 14].50

Mental health surveys typically contain two primary types of questions [15,51

16]: closed-ended questions (Closed-EQs) often based on psychological scales52

like the UCLA Loneliness Scale consisting of twenty Closed-EQs [17], and open-53

ended questions (Open-EQs) that delve into deeper individual insights [16], pro-54

moting spontaneous and less biased responses [15]. Research in web surveys55

has revealed correlations between responses to Closed-EQs and subsequent Open-56

EQs. For example, participants dissatisfied with job or e-services through Closed-57

EQs tended to disclose more details about negative feelings in subsequent Open-58

EQs [18, 19, 20]. However, little work has investigated if and how the design59

choices of Closed-EQs influence user responses to Open-EQs, particularly in men-60

tal health survey chatbots. Existing work has primarily investigated leveraging61

a chatbot to respectively improve the response quality of Closed-EQs or Open-62

EQs [14, 21]. Our research aims to bridge the gap by exploring the effects of63

two prominent design factors (i.e., interaction style and questionnaire length) of64

a psychological assessment with Closed-EQs on user responses to the follow-up65

Open-EQs in a mental health survey chatbot.66

The interaction style and questionnaire length are two crucial design factors67

of Closed-EQs [22, 23]. Prior studies have shown that, compared to conventional68

form-based interactions on webpages, employing conversation-based interactions69

can enhance the quality of responses to Closed-EQs [14]. Additionally, research70

has demonstrated that the questionnaire length can influence participation and71

completion rate [23, 24], as well as the response quality [25]. In our study, we72

experimented with both form-based and conversation-based interactions in our73

chatbot’s psychological assessment. The manipulation of questionnaire length is74

based on the three validated versions of the UCLA loneliness scale [17], including75

short (three items), middle (ten items), and long (twenty items), respectively. This76

led to a 2 (interaction style: form-based vs. conversation-based) × 3 (question-77

naire length: short vs. middle vs. long) between-subjects study, enabling us to78

address the following four research questions with empirical evidence.79

RQ1: How does the interaction style of an assessment influence the users’80
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perceptions of a mental health survey chatbot (i.e., w.r.t. enjoyment, assessment81

credibility, and self-awareness)?82

RQ2: How does the interaction style of an assessment influence user re-83

sponses to the follow-up Open-EQs (i.e., w.r.t. response quality and self-disclosure)84

in a mental health survey chatbot?85

RQ3: How does the questionnaire length of an assessment influence the users’86

perceptions of a mental health survey chatbot?87

RQ4: How does the questionnaire length of an assessment influence user88

responses to the follow-up Open-EQs in a mental health survey chatbot?89

Our study provides practical design implications to designers of survey chat-90

bots for mental health. To the best of our knowledge, this is the first study that em-91

pirically analyzes how psychological assessment design influences user responses92

to Open-EQs within a mental health survey chatbot. Consequently, the contribu-93

tions of our work are three-fold:94

1. Empirical evidence of the effects of psychological assessment (with Closed-95

EQs) design on user responses to the follow-up Open-EQs in a survey96

chatbot for mental health. Our findings reveal the effective design choices97

for the psychological assessment that could motivate respondents to provide98

quality responses and stimulate deep self-disclosure in Open-EQ.99

2. Analysis of the causal relationship between the design factors of psycho-100

logical assessment and the measures for user responses to Open-EQs.101

We employed a structural equation model (SEM) to identify how users’ per-102

ceived assessment credibility, as a mediator, links psychological assessment103

design factors to the critical metrics of user responses to Open-EQs such as104

response quality and self-disclosure.105

3. Design recommendations of psychological assessment in a survey chat-106

bot for mental health. Based on our findings, we present several practical107

design recommendations. For instance, form-based interaction is preferable108

for psychological assessments, as it leads to a higher perceived assessment109

credibility compared to conversation-based interaction.110

2. Related work111

2.1. Loneliness Among Young Adults and Its Measurement112

Loneliness is a common distressing feeling that is closely associated with ad-113

verse mental health states, such as depression and anxiety [26, 27, 28, 29]. Young114
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people are more susceptible to loneliness compared to other age groups, due to a115

dramatic increase in socioemotional demands at their unique life stage [30, 31].116

The social restrictions imposed to control the spread of COVID-19 have notably117

diminished social contact for the youth, exacerbating their feelings of loneliness118

and leading to increased psychological distress [32, 33, 34]. For example, fol-119

lowing the outbreak of COVID-19, up to 60% of young adults in America have120

reported symptoms indicative of psychological distress [35].121

Early detection and intervention of loneliness are crucial for young adults, as122

these steps can help them mitigate its long-term effects on their mental health123

and support them in establishing healthier social connections and networks [34].124

When measuring loneliness, the UCLA Loneliness Scale and its related shorter125

forms are widely acknowledged and recommended as the primary tools for as-126

sessing loneliness [36]. As for intervention strategies, recent studies highlight the127

effectiveness of chatbots as an innovative method to offer essential social sup-128

port. They serve as a valuable tool in fostering users’ reflection on their emotional129

self-awareness, social awareness, and interpersonal relationships, which will be130

described in detail in the following section. Considering the context of our study131

and the prevalence of loneliness among young adults, particularly in the era of the132

COVID-19 pandemic, our study has focused on loneliness in our psychometric133

assessments.134

2.2. Chatbots for Mental Health135

Chatbots have great potential to promote mental health by conversing with136

users to provide psychological assessment, training, and therapy [10]. For ex-137

ample, Woebot 1 and Wysa 2 are representative chatbots for mental health; and138

their efficacy has been proven by clinical research [37, 38]. To assess users’ emo-139

tional state or the severity of a specific mental health issue, some chatbots ask140

questions based on some well-known psychological scales, such as PHQ-9 De-141

pression Test Questionnaire [39] and Generalized Anxiety Disorder Assessment142

(GAD-7) [40]. Performing assessment in a chatbot tends to be an effective way to143

collect mental health data, comparable to physical interviews in terms of response144

rate [11]. Based on users’ responses to the assessment questions, chatbots pro-145

vide empathetic responses, emotion diary, mindfulness exercises, and goal setting146

to help users cope with mental health issues [41, 42]. Existing Human-Computer147

1https://woebothealth.com/
2https://www.wysa.io/
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Interaction (HCI) research in mental health chatbots focuses on improving conver-148

sation skills to demonstrate compassion and empathy [43, 44] and promote user149

self-disclosure [45, 46], and integrating various practices for mental health (e.g.,150

expressive writing [47], motivational interview [48], and social support [49]) into151

chatbots. However, little work has studied the psychological assessment design152

and its impacts on user responses in a survey chatbot for mental health.153

2.3. Design for Online Psychological Assessment154

The computer-based psychological assessment allows users to employ valid155

psychological scales to quickly gauge a specific mental health aspect such as156

loneliness, anxiety, and depression [50]. The psychological assessment is often157

performed by asking users to answer a set of closed-ended questions, similar to158

the questionnaire. Interaction style and questionnaire length are two major design159

factors that could influence the participation rate and response quality of a ques-160

tionnaire [51, 52, 53, 54, 55]. Therefore, we mainly review the related work of161

interaction style and questionnaire length that we have manipulated in our study.162

2.3.1. Interaction Style163

Prior work shows mixed effects of the interaction style on user responses to164

questionnaires. The ways of showing the questions (multiple short pages vs. a165

long scrollable page) and adding more interactive elements (i.e., pop-up menus,166

button scales, and numerical labeling) do not yield a significant difference in user167

response behavior [56, 57]. In contrast, compared to the item-by-item questions,168

showing questions in a matrix may increase non-response items [58]. Addition-169

ally, interaction style could affect users’ perceived credibility of information on170

the web [59]. Within a chatbot, some social characteristics (e.g., proactivity and171

conscientiousness) could also influence users’ perceived credibility [60]. As such,172

we hypothesize that interaction type of psychological assessment would influence173

the assessment credibility (H1).174

Previous studies show that adding interactive elements (e.g., interactive prob-175

ing and interactive feedback) to the questionnaire could improve the response176

quality for the follow-up open-ended questions [51, 61]. Compared with the177

form-based questionnaire, the conversation-based survey behaves as a virtual in-178

terviewer and intrinsically enriches interactivity through conversation, enhancing179

the response quality [14] and enjoyment [62]. Therefore, we hypothesize that180

the conversation-based psychological assessment would lead to higher enjoyment181

(H2) and higher response quality in open-ended questions (H3).182
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2.3.2. Questionnaire Length183

Numerous studies have investigated the effects of questionnaire length on a184

variety of indicators of a questionnaire, such as participation rates [53], dropout185

rates [54, 55], and response quality [25, 24]. Although longer questionnaires186

may discourage initial participation due to a higher response burden, no empir-187

ical evidence indicates “shorter is better” [63]. The short questionnaires are often188

criticized due to lower reliability [63]. As such, we hypothesize that the shorter189

questionnaire would negatively influence assessment credibility (H4). Moreover,190

participating in a psychological assessment can enhance self-awareness [64], and191

a longer assessment requires users to spend more time reflecting on their mental192

status, which may increase mental health awareness. Thus, we hypothesize that193

a longer questionnaire could lead to a higher self-awareness of loneliness in our194

study (H5).195

According to a meta-analysis of response rates in web surveys [65], the length196

is not always associated with response rates. Nevertheless, adopting a longer197

questionnaire generally tends to decrease the response rate and cause a higher198

dropout rate [54, 23]. However, the quality of the responses does not necessarily199

deteriorate with a lengthy questionnaire as long as participants’ motivation can be200

maintained [25].201

2.4. Closed-EQs versus Open-EQs202

The closed-ended questions (Closed-EQs) and open-ended questions (Open-203

EQs) are two major types of questions in web surveys. Closed-EQs are more ef-204

fective for gathering quantitative data [66], and Open-EQs perform better at mea-205

suring knowledge and obtaining more reliable and in-depth information [67, 16].206

However, Open-EQs may increase the burden of the respondents [68] and the207

non-response rate due to more required cognitive efforts [69, 70]. Prior work208

showed the correlation between the responses to Closed-EQs and those to Open-209

EQs in web surveys for job satisfaction and user experience of e-service websites.210

Precisely, the dissatisfied employees, as measured via Closed-EQs about job sat-211

isfaction, were more likely to provide negative responses to Open-EQs [20] and212

disclose more content of negative feelings in Open-EQs [19]. Likewise, users with213

negative experiences of the e-service measured by Likert scale questions (a kind214

of Closed-EQs) tended to respond more to the comment-specific Open-EQs than215

those with positive experiences [18].216

A mental health survey chatbot may ask users to answer Closed-EQs for a217

psychological assessment and Open-EQs for additional or detailed information218

regarding the assessment results. However, it is unclear how the psychological219
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assessment design could influence user responses to Open-EQs in a survey chatbot220

for mental health. Previous studies have mainly revealed the relationship between221

Closed-EQs and Open-EQs based on user responses [18, 20, 19], while our work222

aims to investigate how the design aspects of Closed-EQs (i.e., interaction style223

and questionnaire length) influence users’ responses to Open-EQs for collecting224

more in-depth data about mental health.225

2.5. Perceptions of Mental Health Survey226

Our study measures user perceptions of the mental health survey in terms of227

assessment credibility, self-awareness, and enjoyment.228

2.5.1. Assessment Credibility229

The users’ perception of the psychological assessment results [71] (named as-230

sessment credibility in this work) is crucial as it could affect their health-related231

behaviors and decisions [72, 73]. Broadly speaking, the psychological assessment232

result is a type of health information. Previous studies have revealed several fac-233

tors that could influence the perceived credibility of online health information, in-234

cluding source expertise [74, 75, 76] (i.e., the rating of the source), website design235

(e.g., layout, interactivity, visual design) [77, 76], the language used online [75],236

and ease of use [77].237

2.5.2. Self-Awareness238

Self-awareness refers to being conscious of users’ own feelings, thoughts, be-239

liefs, and behaviors, which is key to effective counseling and psychotherapy [78].240

In the context of mental health, self-awareness is more about emotional self-241

awareness that can be gauged from four aspects: identifying emotions, empathy,242

managing emotions, and social skills [79]. Psychological assessment provides243

users with early problem detection and feedback, which in turn increases their244

self-awareness and general knowledge [64]. Thus, the design of these assess-245

ments is fundamental in fostering users’ self-awareness regarding their mental246

health status.247

2.5.3. Enjoyment248

Enjoyment is a hedonic experience with which users deeply engage in an en-249

joyable activity [80]. Lin et al. [81] proposed a scale to measure enjoyment of250

the web experience based on three dimensions: engagement, positive affect, and251

fulfillment. Several studies have demonstrated the positive effects of chatbots on252
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the effectiveness of surveys [62, 82] and the persuasion of health insurance rec-253

ommendations [83], which are mediated by perceived enjoyment. Furthermore,254

enabling chatbot self-disclosure [45] or anthropomorphic cues [84, 85] can im-255

prove enjoyment, in turn promoting behavioral intentions (e.g., intention to use).256

2.6. Evaluation of User Responses to Open-EQs257

The main goal of asking Open-EQs is to collect richer data logically concern-258

ing response quality and self-disclosure [86]. Previous studies on survey chatbots259

evaluate user responses to Open-EQs mainly from response quality and the degree260

of self-disclosure [87, 21].261

2.6.1. Response Quality262

Compared to the responses to Closed-EQs, the responses to Open-EQs are263

free-form answers in an open text format, the quality of which can be gauged by264

some objective metrics such as response length, number of themes, response time,265

and item non-response [88]. For the Open-EQs in a chatbot, researchers employ266

Gricean Maxims (i.e., informativeness, specificity, relevance, and clarity) [21],267

readability [89], and sentiment intensity [90] to measure response quality.268

2.6.2. Self-Disclosure269

As an indicator of user engagement in chatbots, self-disclosure measures to270

what extent users would like to share their personal information, thoughts, and271

feelings [91], which is particularly important for the chatbot to understand the272

users’ mental status [46]. Various self-reported instruments, such as Jourard Self-273

Disclosure Questionnaire (JSDQ) [92], Distress Disclosure Index (DDI) [93], and274

Self-Disclosure Index (SDI) [94], have been developed to measure self-disclosure275

by asking participants to rate their tendency to disclose information about their276

attitudes, opinions, and feelings on a Likert scale. Besides, the self-disclosure277

can also be rated by assessors from breadth (i.e., the range of discussed topics)278

and depth (i.e., the level of details discussed for a specific topic ) [95]. Our study279

adopts both subjective and objective measurements to gauge self-disclosure in the280

user responses to Open-EQs. As the level of self-awareness is found to be pos-281

itively related to self-disclosure during computer-mediated communication [96],282

we, therefore, hypothesize that users’ self-disclosure is positively associated with283

self-awareness (H6). Additionally, the credibility of health information could in-284

fluence the self-disclosure of personal health information [97, 98]. As such, we285

hypothesize that a higher level of assessment credibility would lead to a higher286

degree of self-disclosure (H7) for Open-EQs.287
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3. Method288

We employed a mixed method of qualitative and quantitative approaches to289

study how two design features of the psychological assessment (i.e., interaction290

style and questionnaire length) influence user perceptions of the assessment and291

user responses to Open-EQs.292

3.1. Study Background293

To address our raised research questions in a real-world setting of mental294

health service, we designed and developed a chatbot (called Percy) to help college295

students cope with loneliness during COVID-19 in collaboration with the Coun-296

seling and Development Center (CDC) of Hong Kong Baptist University (HKBU)297

that provides free and confidential counseling to students as well as consultation298

and referral services for staff. Participants were recruited through email invitations299

sent by the CDC of the university. We took precautions to minimize potential bi-300

ases and priming effects by providing clear instructions and ensuring participants301

understood the purpose of the study without explicitly influencing their responses302

toward loneliness. Percy bot has three distinct functions: 1) psychological assess-303

ment of loneliness and overall mood [Figures 1(a-d)], 2) asking Open-EQ to get304

additional information about the feeling of loneliness [Figure 1(e)], and 3) offer-305

ing some practical suggestions for managing loneliness [Figure 1(f)], for example,306

“Call a friend or join an online group.”307

3.2. Participants308

The study targets college students who experience loneliness during the COVID-309

19 pandemic. The Research Ethics Committee of Hong Kong Baptist University310

granted ethics [human (non-clinical)] clearance approval for this study. We re-311

cruited 330 participants using mailing lists and public bulletin boards for three312

weeks. As a result, 266 participants successfully finished the entire study. To en-313

sure the quality of data, we filtered participants by four criteria: 1) the detected314

outliers (N=14) having extraordinarily long or short completion time based on the315

interquartile range (IQR), 2) the participants (N=10) who failed in two attention316

check questions, 3) the participants (N=7) who gave the meaningless responses317

(e.g., “nono” and “xxx”) to all the Open-EQs, 4) the participants (N=22) who318

gave the same answers to all the questions asked in the post-study. Finally, we319

kept 213 valid participants for further analyses. Among those 213 valid partici-320

pants, 80.28% of them (N=171) are female (because HKBU has a 1.7 : 1 ratio of321

9
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female students to male students 3), 89.67% of them (N=191) are 18 to 25 years322

old, 7.98% of them (N=17) are aged 25 to 30, and 2.35% (N=5) are older than323

30. In addition, 78.87% of participants (N=168) are Hong Kong locals, and the324

rest are international students. To thank participants for supporting our research,325

30 participants who completed the study were drawn to receive a supermarket326

coupon valued at 200 HKD (≈25.7 USD).327

3.3. Design Manipulations328

3.3.1. Manipulation of Interaction Style329

We offered two interaction styles for answering the questions in the psycho-330

logical assessment: form-based and conversation-based. The choice of the two331

alternative interaction styles for the psychological assessment is based on review-332

ing the user interface design guidelines of several major conversational platforms333

such as Messenger4 and WhatsApp5. For example, the form-based interaction is334

proposed based on the Webview in Messenger.335

Form-based. The Percy bot offered an alternative way to present the questions336

of a psychological assessment in which all questions are embedded in a web form337

(see Figure 1(b)). We think the form-based interaction could increase psycho-338

logical assessment efficiency while maintaining the interactivity of assessing their339

mental health in the chatbot.340

3https://intl.hkbu.edu.hk/student-exchange/incoming-students/why-hkbu/

fast-facts
4https://developers.facebook.com/docs/messenger-platform
5https://www.facebook.com/brand/resources/whatsapp/user-interface
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(all conditions)

(c) Closed-EQs for loneliness assessment 
(conversation-based, 10 items) 

(b) Closed-EQs for loneliness assessment  
(form-based, 10 items) 

(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, (e) Open-EQ for getting additional information about the
feeling of loneliness, and (f) practical suggestions for coping with loneliness.11
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Conversation-based. In this condition, all the loneliness psychological as-341

sessment questions were presented in the conversational style. Users can an-342

swer a question by clicking one of the buttons under the dialog in conversation343

that contains, for instance, selecting one from four options: “Never”, “Rarely”,344

“Sometimes”, and “Always” (see Figure 1(c)). The transformation from a web345

survey to a conversational survey could improve response quality and user en-346

gagement [14, 62].347

3.3.2. Manipulation of Questionnaire Length348

The longer questionnaire can result in a “straight-line” response pattern, which349

means more identical answers to most Closed-EQ [25]. Thus, we think the ques-350

tionnaire length could influence users’ patience and carefulness in the psycho-351

logical assessment. Moreover, the increased response burden caused by a long352

questionnaire may influence response quality and response length for Open-EQs.353

In this study, our chatbot specializes in surveying university students’ lone-354

liness during the pandemic of COVID-19. UCLA loneliness scale is the most355

widely used instrument for assessing loneliness [17], and it has three validated356

length versions, including three items, ten items, and twenty items, respectively357

[99, 17]. Based on the three versions, we determined three questionnaire lengths:358

short (three items), middle (ten items), and long (twenty items). The questions359

in the short version are measured on a three-point scale (1 = Hardly Ever; 2 =360

Some of the Time; 3 = Often) [99], while the questions in the middle and long361

versions are rated on a four-point scale (1 = Never; 2 = Rarely; 3 = Sometimes; 4362

= Always) [17].363

3.4. User Study Design and Procedure364

Based on our two independent variables, interaction style and questionnaire365

length, we designed a 2 (interaction style: form-based vs. conversation-based)366

× 3 (questionnaire length: short vs. middle vs. long) between-subjects study.367

Figure 2 shows an overview of the study design, including the following three368

major phases:369

Pre-study. First, we asked all participants to sign a consent form and read an370

information page describing Percy’s main features and explaining the steps they371

should follow to finish the study. After that, we asked participants to answer three372

questions about their demographics, including age, gender, and nationality.373

Moreover, we asked participants to indicate their current mood from eight374

options based on two dimensions of core-affect [100], including excited, happy,375

relaxed, calm, sad, depressed, upset, and nervous (Figure 1(a)).376
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Loneliness survey

Valid participants 
(N=213)

Registered participants
(N=330)

Participants who 
completed the study 

(N=266)

Pre-study

- Consent form 
- Study instruction
- Demographics

Psychological
assessment

(Closed-EQs)

UCLA loneliness scale

Interaction style: 
- Form-based
- Conversation-based

Length: 
- short (3 items)
- middle (10 items)
- long (20 items)

Interview
(Open-EQs)

- Response quality
- Self-disclosure 

Post-study

- Assessment credibility
- Self-disclosure
 
- Self-awareness
- Enjoyment
- Subjective feedback

Group 1: Form*Short
(N=34)

Group 2: Form*Middle 
(N=36)

Group 3: Form*Long 
(N=35)

Group 4: Con*Short
(N=33)

Group 5: Con*Middle 
(N=35)

Group 6: Con*Long 
(N=40)

(objective)

(subjective)

Figure 2: User study design and procedure.

Loneliness survey. The loneliness survey contains a psychological assess-377

ment (measured by Closed-EQs) and an interview (measured by Open-EQs). The378

psychological assessment has six variants combining two design manipulations:379

interaction style and questionnaire length. Following the between-subjects de-380

sign, we randomly assigned participants to one of six conditions. When users381

finished the psychological assessment, a result page popped up, showing a loneli-382

ness score, a semicircle meter with color gradients for the score level, and an ex-383

planation with a reference for the score (Figure 1(d)). The participants were then384

guided to the interview session after closing the result page. During the interview,385

the chatbot asked seven Open-EQ (see Table A.4 in Appendix A) to understand386

the participants’ feelings of loneliness during COVID-19 deeply. As the chatbot’s387

responses may likely influence how users chat with it [21], our chatbot only gen-388

erated some general responses to users’ answers to avoid such interference. These389

responses vary and depend on the content of users’ answers, for example, “Thank390

you. I appreciate your input.” or “Thank you for your thoughtful input.” are391

possible responses for the user answers of rich content, e.g., “I wish to be around392

my family more often where I can be myself more. I also think exercising regu-393

larly can help.”, while “Got it.” or “I understand!” are for simple and brief user394

answers, e.g., “It’s fine.” or “nothing”.395

Post-study. Participants were required to complete a questionnaire containing396

sixteen five-point Likert scale questions (Table 1) to indicate their perceived as-397

sessment credibility, self-awareness, enjoyment, and self-disclosure. In addition,398

we asked participants to answer five Open-EQs (see Table B.5 in Appendix B)399
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to understand their in-depth opinions on Percy.400

3.5. Measurement and Analysis401

This study measured users’ perceptions of the loneliness survey based on as-402

sessment credibility, self-awareness, and enjoyment. Moreover, we adopted sev-403

eral metrics for response quality and subjective and objective measures for self-404

disclosure in user responses to Open-EQs.405

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
loneliness.

0.709

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

0.674

Self-Awareness (Cronbach alpha: 0.818; AVE: 0.607)
I have insight into myself.
I recognize the stress and worry in my current life. 0.696
I 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
bot.

0.578

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 Survey406

Perceptions of the loneliness survey refer to participants’ feelings and attitudes407

towards the loneliness assessment (Closed-EQs) and the interview (Open-EQs).408

We employed a set of questions (see Table 1) to measure three constructs: assess-409

ment credibility, self-awareness, and enjoyment. All these questions were mea-410

sured on a five-point Likert scale. We run a confirmatory factor analysis (CFA)411

to establish the validity of these question items. Commonly accepted cutoff val-412

ues for convergent validity are 0.7 for Cronbach’s alpha, 0.5 for average variance413

extracted (AVE) [102], and 0.5 for factor loading.414

• Assessment credibility. It measures to what extent the psychological assess-415

ment result can be trusted and believed. According to Hilligoss and Rieh’s416

credibility framework consisting of three levels of credibility judgments:417

construct, heuristics, and interaction [103], We composed three questions418

to measure participants’ perceived credibility of their loneliness assessment419

(Cronbach alpha: 0.894; AVE: 0.741).420

• Self-awareness. Self-awareness is the participant’s ability to know and un-421

derstand their feelings and behaviors. We measured self-awareness based422

on the three validated questions of a Self-Awareness Outcomes Question-423

naire (SAOQ) [104] (Cronbach alpha: 0.818; AVE: 0.607).424

• Enjoyment. It gauges how much the participants enjoyed chatting with425

Percy. We used three validated questions from a questionnaire for evalu-426

ating recommendations in a mental health app [105] to measure enjoyment427

(Cronbach alpha: 0.841; AVE: 0.649).428

3.5.2. Response Quality429

In this study, we did not measure the response quality of Closed-EQs using430

methods such as differentiation response index (i.e., satisficing behavior of choos-431

ing the same response every time) [106] because these metrics are usually applied432

to assessing whether participants are serious and attentive for answering the ques-433

tions in general surveys such as internet usage behavior [14] and course satisfac-434

tion [62]. In our opinion, the motivation for completing a mental health survey435

differs from answering a general survey. The participants are more motivated by a436

need to understand their mental health status more accurately. Moreover, choosing437

the same response to all the questions in a short psychological assessment (e.g.,438

the short loneliness assessment with five Closed-EQs) does not necessarily mean439

satisfying behavior.440
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For Open-EQs, we measured the response quality based on Gricean Maxims441

theory [107] that has often been used to evaluate the quality of users’ responses442

in chatbots [87, 21]. Gricean Maxims was developed based on the cooperative443

principle for enabling effective conversational communication by concretely con-444

sidering four aspects: quantity, quality, relevance, and manner [108]. According445

to the definition of Gricean Maxims, the aspect of “quality” refers to being truth-446

ful in communication. Due to the general difficulty in assessing the truthfulness447

of user responses [21], we did not measure this aspect. In our study, we concretely448

adopted four quality metrics (i.e., informativeness, specificity, relevance, clarity)449

used to evaluate user responses to Open-EQs in a chatbot [21], which were pro-450

posed based on three Gricean Maxims aspects: quantity, relevance, and manner451

(see Table 2). We measured these metrics based on user responses to all Open-EQ452

asked by our Percy bot.453

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

Gricean
Maxims

Definition Quality Metric Definition

Quantity One should be as informa-
tive as possible.

Informativeness A participant’s response
should be as informative as
possible.

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

Relevance One should provide relevant
information.

Relevance A participant’s response
should be relevant to a
question.

Manner One should communicate in
a clear and orderly manner.

Clarity A participant’s response
should be clear.

• Informativeness. Per the maxim of quantity, the communication should be454

as informative as possible. The measure of informativeness in users’ re-455

sponses based on Formula (1) [21] that calculates the sum of a word’s sur-456

prisal based on the inverse of its occurrence frequency in four major English457

corpora, including British National Corpus [109], the Brown Corpus [110],458

Webtext 6, and the NPS Chat Corpus [111].459

6https://github.com/teropa/nlp/tree/master/resources/corpora/webtext
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I(Response) =
∑

log2
1

F(wordn) (1)

• Response quality index. We measured the overall response quality by re-460

sponse quality index (RQI) [21] that combines three quality metrics: speci-461

ficity, relevance, and clarity, as shown in Formula (2) and respectively de-462

fined in Table 2. The measures of the three quality metrics follow a man-463

ual assessment method, and we defined three levels (0,1,2) for each met-464

ric. In total, we collected 1,491 text responses from 213 participants. We465

followed a standard coding protocol to code each response. First, we ran-466

domly selected 10% of responses and then asked two researchers to finish467

the coding independently. After that, they discussed the differences in cod-468

ing, and a third researcher was involved in voting for the irreconcilable dif-469

ferences. The coding criteria became more consistent after the discussion.470

Finally, they finished coding for the rest of the responses. The Cohen’s471

kappa of each set of coding (Specificity: κ=0.73, Relevance: κ=0.81, Clar-472

ity: κ=0.89) indicates good inter-rater reliability of the coded items 7.473

RQI = ΣN
n=1speci f icity[i] ∗ relevance[i] ∗ clarity[i]

(N is the number of responses in a completed assessment) (2)

Table 3 shows some examples of our coded responses. Specificity refers to474

the level of details the response provides, and a specific response should475

convey meaningful insights (0 – generic description only, 1 – specific con-476

cepts, and 2 – specific concepts with detailed examples). Relevance mea-477

sures to which extent the answer is relevant to the question asked during the478

interview (0 – irrelevant, 1 – somewhat relevant, and 2 – relevant). Clarity is479

measured based on the human effort of understanding the text (0 – illegible480

text, 1 – incomplete sentences, and 2 – clearly articulated response).481

3.5.3. Self-Disclosure482

Self-disclosure involves sharing personal thoughts, feelings, or experiences483

about oneself with others [113]. The quality of user responses to Open-EQs in a484

survey is linked to the extent of self-disclosure [86], signifying the extent to which485

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
away. Also, my husband. All about love; I know they love me
even though I don’t know how to express the gratitude.”

Specificity:2, Relevance:2,
Clarity:2, Self-disclosure:2

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

“Listening to my favorite music and watching my favorite reality
show .”

Specificity:2, Relevance:2,
Clarity:1, Self-disclosure:1

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

users are willing to share information with the chatbot. In Open-EQs, we assessed486

self-disclosure based on users’ subjective feelings and objective metrics of user487

responses, such as the breadth and depth of content.488

• Self-disclosure (subjective). It assesses participants’ subjective perspec-489

tives on sharing their feelings and thoughts about loneliness. The questions490

for measuring subjective self-disclosure, as depicted in Table 1, have been491

adapted from those used to evaluate user responses in a survey chatbot [62]492

(Cronbach’s alpha: 0.758; AVE: 0.610).493

• Self-disclosure (objective). It gauged the extent to which participants shared494

their personal feelings and thoughts with the chatbot. We manually evalu-495

ated the level of self-disclosure based on the breadth and depth of topics496

conveyed in user responses to the seven Open-EQs (0 – a brief description497

with no specific topic, 1 – a brief description with a specific topic, and 2 –498

a detailed description with one specific topic / a description with multiple499

topics) [91]. The self-disclosure coding demonstrated substantial inter-rater500

reliability, as evidenced by Cohen’s kappa score of 0.69. As illustrated in501

the example (the first example in Table 3), higher levels of self-disclosure502

may encompass more detailed and private topics.503

3.6. Interaction Behavior504

We also recorded response length for Open-EQs and engagement duration to505

understand better how much users would like to interact with the chatbot.506
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• Response length. Response length was counted by the number of words507

in each participant’s responses to all seven Open-EQs during the interview.508

The response length is usually proportional to the engagement duration.509

• Engagement duration. Engagement duration measured the time a partici-510

pant spent answering all the Open-EQs in the interview session of the lone-511

liness survey. A longer engagement duration could mean the participant512

invests more effort in thinking and answering the Open-EQ.513

4. Results514

This section presents the main results related to each research question. For515

the convenience of illustration, we use an expression of interaction*length to516

denote each experimental condition in the remaining parts of this manuscript.517

In this expression, interaction can be “Con” or “Form”, respectively standing518

for conversation-based and form-based, and length can be “Short”, “Middle”,519

or “Long”. For example, Con*Middle refers to the condition where participants520

assessed their loneliness by completing the middle-length UCLA loneliness scale521

(ten items) through conversation-based interaction for Closed-EQs.522

To investigate two design factors (i.e., interaction style and questionnaire length),523

we employed a 2x3 factorial design in our study. Additionally, we need to run524

multiple regression analyses to test our research hypotheses. To achieve this, we525

have opted to use structural equation modeling (SEM) to analyze our results, given526

its capacity to evaluate multivariate causal relationships simultaneously within a527

statistical estimation procedure [114]. Table C.6 in Appendix C presents the528

descriptive statistics of the dependent variables (DVs) for six experimental condi-529

tions derived from a 2x3 factorial design.530

4.1. Structural Equation Modeling531

We use lavaan, 8 an R package to build our SEM model. Some dependent vari-532

ables (DVs), such as informativeness, engagement duration, and response length,533

were measured differently from the five-point Likert scale for measuring the DVs534

related to user perceptions, resulting in much larger values. Therefore, we nor-535

malized the values of these dependent variables by using the scale() function in536

R, which scales the data based on the mean value and the standard deviation. In537

addition, as our data do not conform to the normal distribution, we chose a more538

8https://lavaan.ugent.be/
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robust estimator, “MLR,” in our SEM analysis. The sample size of our study539

meets a CFA/SEM rule of thumb that 10:1 is the recommended ratio of subjects540

to observable variables (N:q) [115] and the recommended sufficient sample size541

(N = 200) for structural equation modeling [116, 117]. Following the procedure542

of trimming non-significant paths in SEM model [118], we obtain our resulting543

model (see Figure 3) showing a good fit 9: χ2(149) = 209.323, p=.003 10; root544

mean squared error of approximation (RMSEA) = 0.044; 90% CI: [0.029, 0.057];545

Comparative Fit Index (CFI) = 0.969; Turker-Lewis Index (TLI) = 0.963. In addi-546

tion, we utilized the R package, semPower, 11 to execute a post-hoc power analysis547

for our obtained model. The analysis revealed a high power level (power > .98)548

with a sample size of N = 213 to identify misspecifications of a model (involving549

df = 149 degrees of freedom) corresponding to RMSEA ≥ .05 at an alpha error550

level of .05.551

Interaction style

form vs. conversation

Questionnaire 
length

short vs. middle vs. long

Design manipulations
of Closed-EQs

Open-EQ measures Perceptions of survey
Control
variables

Assessment 
credibility

= 0.034

Self-disclosure 
(objective)

= 0.900

Response quality 
index (RQI)

= 0.712

4.4468.508 p = 0.108p = 0.014

Interaction effect

Main effect

Enjoyment

Mood

Education level

= 0.457

Self-awareness

= 0.186

Informativeness

Self-disclosure 
(subjective)

= 0.317

0.378 (0.142) **

0.068 (0.019) ***

0.027 (0.012) *

0.026 (0.010) *

1.589 (0.157) ***

0.
20

4 
(0

.0
09

) *
**

0.208 (0.099) *

0.004 (0.038) *

0.528 (0.113) ***

0.142 (0.041) **

0.754 (0.199) ***

0.354 (0.10
1) *

*

0.392 (0.145) **

H1

H6

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 β coefficient and stan-
dard error (in parentheses) of the causal relationship. R2 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.

9Hu 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.

10A model should not have a non-significant χ2, but this statistic is regarded as too sensi-
tive [120].

11https://github.com/moshagen/semPower
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(a)

baseline

baseline

(e)

(d)(c)

(b)

baseline

baseline

baseline
baseline

(f)

(g)

baseline ** p < .05* p < .1

**

*

*

Significance of marginal effects based 
on the comparison with the baseline 
Form*Short. 

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-552

sessment credibility) change with variation of the independent variable (IV) (e.g.,553

interaction style), we analyzed the marginal effects of the two IVs (i.e., interac-554

tion style and questionnaire length) on each DV, assuming other covariates to be555
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fixed [121]. Figure 4 shows the marginal effects of dependent variables that are556

associated with significant main effects or interaction effects of two design factors.557

In order to effectively gauge or test our hypothesis, we also consider the potential558

influence of control variables (such as age, gender, education level, and mood)559

on the dependent variable. The findings indicate that education level significantly560

impacts self-disclosure, while mood significantly affects self-awareness.561

4.2. The Effects of Interaction Style with Closed-EQs on Perceptions of the Survey562

(RQ1)563

The SEM model (Figure 3) shows a direct positive effect of interaction style on564

assessment credibility (β = 0.378, p <.01). Moreover, as depicted in Figure 4(a),565

the conversation-based design appears to compromise user-perceived assessment566

credibility, particularly when combined with the short questionnaire. Con*Short567

was lower than the baseline with marginal significance (p <.1). Thus, we can568

accept the hypothesis H1: the form-based psychological assessment would lead569

to higher assessment credibility. Moreover, the model shows no other significant570

effects of interaction style on enjoyment and response quality in Open-EQs. Thus,571

we cannot accept the hypothesis H2: the conversation-based psychological assess-572

ment leads to higher enjoyment, and the hypothesis H3: the conversation-based573

psychological assessment leads to higher response quality in Open-EQs. The574

marginal effects on enjoyment (Figure 4(c)) indicate that combining conversation-575

based interaction and a short questionnaire could lower enjoyment, and Con*Short576

is significantly lower than the baseline in terms of enjoyment (p <.05). In addi-577

tion to testing our hypothesized effects, the model shows a significant effect of578

interaction style on self-awareness (β = 0.392, p <.01). The marginal effects579

on self-awareness (Figure 4(b)) show that form-based interaction leads to higher580

self-awareness than conversation-based interaction regardless of the questionnaire581

length.582

4.3. The Effects of Questionnaire Length on Perceptions of the Survey (RQ2)583

Manipulating questionnaire length does not directly affect any investigated584

measures for users’ perceptions of the survey. Thus, we could not accept the hy-585

pothesis H4: a shorter questionnaire leads to lower assessment credibility, and586

the hypothesis H5: a longer questionnaire leads to higher self-awareness. Even587

though not statistically significant, users seem to perceive higher assessment cred-588

ibility with the form-based design when completing a middle questionnaire (refer589

to Figure 4(a)), and they attain increased self-awareness by completing a longer590

questionnaire (as seen in Figure 4(b)). Furthermore, we find an interaction effect591
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of interaction style and questionnaire length on enjoyment, which is marginally592

significant, χ2(2) = 4.446, p =.108. In other words, the effects of questionnaire593

length on enjoyment depend on the interaction style. Specifically, the distinc-594

tion between the short questionnaire and questionnaires of other lengths is more595

pronounced with conversation-based interaction than with form-based interaction596

(see Figure 4(c)).597

4.4. The Effects of Interaction Style with Closed-EQs on User Responses to Open-598

EQs (RQ3)599

The SEM model (Figure 3) does not show any direct effect of interaction600

style on response quality and self-disclosure measures. Despite no significant601

direct main effects of interaction style on response quality, the form-based de-602

sign could positively influence self-disclosure (subjective and objective) and RQI603

through assessment credibility. The assessment credibility positively influences604

self-disclosure (subjective) (β = 0.528, p <.001) and RQI (β = 0.208, p <.05),605

which in turn positively influences self-disclosure (objective). Thus, the signif-606

icant effects of assessment credibility on self-disclosure (subjective) and self-607

disclosure (objective) allow us to accept the hypothesis H7: higher credibility608

leads to more self-disclosure in Open-EQs.609

Specifically, the significant paths (P1: Interaction style→ Assessment credi-610

bility → Self-disclosure (subjective) → Self-disclosure (objective)) and (P2: In-611

teraction style → Assessment credibility → RQI → Self-disclosure (objective))612

indicate a mediating role of assessment credibility in the effects of interaction style613

on self-disclosure (objective) in Open-EQs. Figure 4(g) shows that regardless of614

the questionnaire length, conversation-based interaction results in lower levels of615

self-disclosure (objective) compared to form-based interaction. However, the total616

indirect effect of assessment credibility on self-disclosure (objective) is minimal617

(β = 0.057).618

4.5. The Effects of Questionnaire Length on User Responses to Open-EQs (RQ4)619

The model does not show any main effects of questionnaire length on response620

quality. The marginal effects of questionnaire length on RQI and informative-621

ness illustrate the non-significant difference caused by the manipulation of ques-622

tionnaire length (see Figure 4(d and e)). Compared with the baseline condition623

(Form*Short), the short and middle questionnaires lead to lower response quality624

with the conversation-based design.625

Despite no main effect of questionnaire length on self-disclosure measures, we626

find a significant interaction effect of interaction style and questionnaire length on627
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self-disclosure (subjective), χ2(2) = 8.508, p <.05, indicating that the effect of628

questionnaire length on self-disclosure (subjective) depends on interaction style.629

For instance, the marginal effect on subjective self-disclosure (Figure 4(f)) indi-630

cates that the middle questionnaire results in the highest subjective self-disclosure,631

with marginal significance (p <.01) when combined with conversation-based in-632

teraction, whereas it leads to the lowest subjective self-disclosure when combined633

with form-based interaction.634

4.6. Relations Between User Responses to Open-EQs and Perceptions of the Sur-635

vey636

The model also reveals the relationships between the perceptions of the survey637

(i.e., enjoyment and self-awareness) and user responses to Open-EQs. Specifi-638

cally, the significant path (P3: Informativeness→ RQI→ Self-disclosure (subjec-639

tive)→ Self-Awareness & Enjoyment) confirms the mediated effects of informa-640

tiveness and response quality on self-awareness and enjoyment. As self-disclosure641

(subjective) positively influences self-awareness (β = 0.354, p <.01), we could642

accept the hypothesis H6: higher self-disclosure is positively associated with self-643

awareness. Interestingly, self-disclosure (subjective) has a strong positive effect644

on enjoyment (β = 0.754, p <.001), indicating that participants who are willing645

to disclose their personal feelings and experiences are more likely to perceive en-646

joyment while interacting with the survey chatbot. Moreover, the significant path647

(P4: Assessment credibility→ Self-disclosure (subjective)→ Self-Awareness &648

Enjoyment) suggests that participants who perceive higher assessment credibility649

tend to disclose their feelings and thoughts about loneliness with the chatbot and650

then perceive higher self-awareness and enjoyment.651

4.7. Interaction Behavior652

We recorded the number of words in each participant’s responses to all Open-653

EQs (response length) and the total time they spent answering them (engage-654

ment duration). Design manipulations do not directly affect response length and655

engagement duration. Nevertheless, the conversation-based interaction leads to656

shorter responses than the form-based interaction, and the condition of Form*Middle657

has the longest response on average (M=60.9 words, SD=44.6). Furthermore, the658

questionnaire length positively influences engagement duration when adopting the659

conversation-based interaction, and the condition of Form*Middle has the longest660

engagement duration (M=339.8 seconds, SD=277.7).661
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4.8. Subjective Feedback662

To better understand participants’ subjective experiences of two design manip-663

ulations in our survey chatbot, we performed a thematic analysis [122] based on664

participants’ responses to the five Open-EQs in the post-study (Table B.5). Two665

authors independently finished half of the responses and addressed the conflicts666

in coding through additional discussion, resulting in an almost perfect inter-rater667

agreement among coding tested by Cohen’s kappa (κ = 0.85) 12. One author fin-668

ished coding the remaining responses and discussed them with another author to669

reach a consensus on the codes.670

The Length of Questionnaire. Using a short questionnaire could potentially671

diminish the credibility of the assessment. Although the questionnaire length672

does not significantly influence assessment credibility according to the quantita-673

tive analysis, a short questionnaire seems to decrease users’ perceived assessment674

credibility. Certain participants trying with the short version of the assessment675

believed that incorporating more question items could enhance the credibility of676

the test, as two participants noted,677

“I think there could be more questions to indicate my loneliness score678

better.” (P7, Form*Short)679

“I don’t think people’s loneliness can be scored when people just an-680

swer three questions.” (P170, Con*Short)681

Interaction Style of Psychological Assessment. Moreover, compared with682

the form-based interaction, the conversation-based interaction offers a more casual683

way for users to answer the questions measured by the Likert scale. However, it684

may also make the questionnaire perceived as less formal, aligning with the result685

of quantitative analysis. One participant called,686

“It is just like chatting. But I don’t really agree with the score, and it687

may need an adjustment to have more options. Maybe 0 to 10.” (P40,688

Con*Middle)689

It seems that presenting the questions of a psychological assessment via the690

conversational style decreases the questionnaire’s formality [60], which in turn691

influences users’ perceived assessment credibility. However, some participants692

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-693

dard for loneliness; for example,694

“...these are some general questions, cannot be sure if the score is695

trustworthy cause people have different standards.” (P206, Con*Middle)696

Additionally, a few participants also complained about the increased interac-697

tion time caused by the conversation. For example, one participant stated,698

“Filling in an online form can be boring if there are too many ques-699

tions. Chatting with the Percy bot is interesting, at least with more700

interaction. But chatting with a bot can be time-consuming.” (P137,701

Form*Middle)702

Psychological Assessment Result. The assessment score is key to self-awareness.703

Many participants claimed that they became more aware of their loneliness status704

by finishing the psychological assessment. One participant noted,705

“I think the questions asked were relevant for calculating the loneli-706

ness score. I am aware of what my feelings are during the pandemic.”707

(P108, Form*Middle)708

Some participants thought the reference on the result page (see Figure 2(d))709

showing the mean score of others who completed this loneliness assessment helped710

them better understand their loneliness status.711

“Comparing to the mean score, I know more about my status among712

people.” (P137, Form*Short)713

5. Discussion714

Prior research has highlighted the benefits of using a survey chatbot as com-715

pared to a conventional survey delivered through web forms. This study delves716

deeper into the refined design aspects of a survey chatbot within the scope of717

mental health. More specifically, we explore the impact of the interaction style718

and length of psychological assessments featuring Closed-EQs on the quality of719

responses to subsequent Open-EQs within a survey chatbot. Thus, the findings720

from this investigation are contextualized within a survey chatbot environment721

that presents both Closed-EQs and Open-EQs.722

Before discussing the results of our study, we first briefly summarize our re-723

search findings based on quantitative and qualitative results.724
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1. The interaction style of psychological assessment significantly affects725

the assessment credibility and self-awareness. The influenced assess-726

ment credibility could influence response quality and self-disclosure for727

Open-EQs. The participants who completed the psychological assessment728

via the form-based interaction were more convinced by the assessment,729

thereby being more engaged in responding to the follow-up Open-EQs and730

being more aware of their feelings.731

2. The questionnaire length does not significantly impact the assessment732

credibility and user responses to Open-EQs. Although there is an in-733

teraction effect between interaction style and questionnaire length on self-734

disclosure (subjective) and enjoyment, questionnaire length has no signifi-735

cant main effect on any dependent variables.736

3. The assessment credibility mediates the effects of psychological assess-737

ment design on users’ responses to Open-EQs. The psychological assess-738

ment design has indirect positive impacts on users’ self-disclosure (objec-739

tive) and response quality index (RQI) through the assessment credibility.740

5.1. Psychological Assessment Design741

The psychological assessment is vital for monitoring mental health status and742

delivering timely adaptive interventions in a mental health survey chatbot [123].743

This is especially crucial when access to mental health services is limited, as seen744

during events like the COVID-19 pandemic [124]. With this in mind, our inves-745

tigation focuses on how the design of the psychological assessment with Closed-746

EQs could impact users’ perceptions of the assessment and their responses to747

Open-EQs in a survey chatbot.748

5.1.1. Interaction Style of Closed-EQs749

Our study investigated two interaction styles of psychological assessment with750

closed-ended questions in a survey chatbot: form-based and conversation-based.751

Previous studies have demonstrated the benefits of conversation-based design over752

form-based design for the entire survey in terms of response quality [14, 62, 21],753

without making a distinction between Closed-EQs and Open-EQs. However, we754

found that within a survey chatbot, the form-based interaction leads to higher755

assessment credibility with Closed-EQs, which in turn leads to higher response756

quality in Open-EQs. We argue that survey design for psychological assessments757

is different from surveying course satisfaction [62], gamers’ opinions [21], and758
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Internet usage behavior [14] in previous studies. In contrast to traditional surveys,759

the psychological assessment is frequently succeeded by an assessment score or760

report, aiming to provide users with an understanding of their health status and en-761

courage positive health behavior changes [50]. This process may lead participants762

to take the assessment questions more seriously, as inaccurate self-assessments763

could potentially impact mental health [125].764

Despite the benefits of casual communication (e.g., more communicative [126],765

or a strong feeling of being involved [127]), formal communication has been766

proven to be associated with high information credibility [128]. Furthermore, a767

prior study showed that with a task-oriented chatbot, users are more likely to feel768

like performing a task in a natural, casual, informal conversation rather than in769

goal-directed settings [129]. Therefore, we speculate that the casual communica-770

tion conveyed by the conversation-based design may decrease the users’ perceived771

formality of assessment and weaken their perceived assessment credibility.772

Moreover, our study shows that the conversation-based interaction signifi-773

cantly increases interaction time than the form-based one while adopting a long774

questionnaire (Figure 4(i)), which aligns the findings of a previous study on a775

survey chatbot with Closed-EQs [14]. Unlike the responses to Open-EQs, which776

could be diverse free-text inputs, the responses to Closed-EQs are based on pre-777

defined content, such as the Likert scale or multiple-choice. We think that the778

increased response time of the psychological assessment may imply a lower ef-779

ficiency of assessment rather than higher user engagement. The conversational780

interaction may especially cause users’ displeasure at the slow pace of complet-781

ing a long questionnaire. Therefore, we wonder how we may make a trade-off782

between the advantages of the conversation-based design (e.g., natural interac-783

tion, less non-differentiation in a rating task, aka a “straight-line” response [14])784

and its disadvantages (e.g., low efficiency). For example, one participant (P137,785

Form*Short) stated, “Chatting with the Percy bot is quite interesting, at least with786

more interaction. However, chatting with a bot can be time-consuming.” Thus,787

a form-based design could be more suitable for presenting a questionnaire in a788

chatbot because it maintains the formality and efficiency of the questionnaire and789

does not influence users’ perceived interactivity of responding to the follow-up790

Open-EQs in the survey chatbot.791

Therefore, we suggest adopting a form-based design for the psychological792

assessment in a survey chatbot for mental health. Although the conversation-793

based design has distinct advantages over the form-based design, such as inter-794

active content [14], reciprocity [45], and human-like communication [44, 21], it795

also imposes more interaction time on users [14, 21]. More notably, the form-796
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based design makes participants perceive higher assessment credibility than the797

conversation-based. Therefore, chatbot designers could embed a form-based psy-798

chological assessment into the chatbot before asking Open-EQs through conver-799

sation. This hybrid design may also combat the survey-taking fatigue in case the800

participants are expected to be more engaged in responding to the Open EQs [21].801

On the one hand, users may feel they are still answering questions in the chatbot;802

on the other hand, they may focus more on questionnaire content, which is less803

tedious than following the humdrum conversation pattern to answer Closed-EQs.804

5.1.2. The Length of Questionnaire with Closed-EQs805

Information completeness is a major factor that influences the perceived cred-806

ibility of health information [130]. The length of the questionnaire reflects how807

much information is collected for assessment, which could affect the complete-808

ness of the assessment information. Thus, we investigated how the questionnaire809

length influences the assessment credibility. However, we did not find a signif-810

icant main effect of questionnaire length on users’ perceived assessment credi-811

bility, probably because the participants did not perceive significantly different812

assessment results regarding information completeness with three different ques-813

tionnaire lengths (short, middle, and long). Moreover, our results also indicate814

that questionnaire length does not have a significant main effect on the response815

quality and self-disclosure in Open-EQs, which echoes the findings of prior work816

that the response quality of Open-EQs is not associated with the survey length817

[63, 24]. Thus, keeping the assessment as short as possible is unnecessary, but the818

content (questions) of the psychological assessment should satisfy the users’ as-819

sessment needs [63]. Additionally, the significant interaction effects of interaction820

style and questionnaire length on enjoyment and subjective self-disclosure in the821

follow-up Open-EQs suggest that the determination of questionnaire length might822

also depend on the questionnaire’s interaction style. Therefore, we suggest that823

designers may determine the questionnaire length based on user needs and824

the interaction style of the questionnaire.825

Moreover, according to a recent literature survey on the instruments used in826

the psychological assessment of mental health and health behavior [50], among827

21 surveyed questionnaires (e.g., GAD-7 for anxiety [40], PHQ-7 for depres-828

sion [39], PHQ-15 for physical symptoms [131]), the questionnaire length varies829

from 2 to 28 items, similar to the range used in our study. Consequently, our find-830

ings regarding the impact of questionnaire length could potentially be applied to831

scenarios utilizing other psychological assessments.832
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5.1.3. Assessment Credibility833

Users’ perceived credibility of health information significantly impacts their834

behavioral intention of using the health informatics service [132]. In our study, the835

structural equation model (Figure 3) demonstrates a mediating role of assessment836

credibility in the effects of the interaction style of psychological assessment on the837

metrics evaluating users’ responses to Open-EQs. The users’ perceived credibility838

of assessment is critical to the mental health survey, as it could influence user839

engagement in the activities at a later stage [132], for example, answering Open-840

EQs in a mental health survey.841

Online health information can be categorized mainly into scientific and expe-842

riential information [133]. The results of the psychological assessment provided843

by the agent belong to scientific information, the credibility of which is mainly as-844

sessed based on reference credibility [133]. Thus, our psychological assessment845

result (score) page also shows an academic reference (Figure 1(d)) to justify the846

interpretation of the assessment score (Figure 1(d)). However, we wonder if par-847

ticipants could notice the study’s reference and how much it may help them justify848

the result. Our qualitative results indicate that although we provide a descriptive849

explanation of the psychological assessment results based on a reference (Fig-850

ure 1(d)), some participants still do not trust the assessment score due to the am-851

biguous measurement standard for loneliness, for example, “...cannot sure if the852

score is trustworthy cause people have different standards.” (P206, Con*Middle)853

Therefore, the future design may allow users to ask for further explanations of854

the psychological assessment results through conversation. When addressing user855

inquiries about assessment results, the conversational explanation may be consid-856

ered more convincing by users due to the persuasive potential of the chatbot [83].857

In general, the credibility of information on the web can also be influenced by858

multiple aspects of the information medium, such as content format, design of user859

interface, and interactivity [59]. With the evolution of human-computer interac-860

tion, virtual agents’ simulated human-human interaction is increasingly popular861

for mental health because of greater interactivity that supports therapeutic con-862

versation [134]. However, should we deliver all the services in a mental health863

chatbot through conversation? For the psychological assessment, our study re-864

sults suggest that the participants perceived higher assessment credibility with865

the form-based assessment questionnaire than with the conversation-based ques-866

tionnaire. As most mental health surveys still adopt form-based questionnaires,867

the conversation-based interaction style probably does not conform to the partici-868

pants’ mental model of taking a psychological assessment.869
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5.2. User Responses to Open-EQs870

We evaluated user responses to Open-EQs in our survey chatbot from multiple871

aspects, among which self-disclosure and response quality have more often been872

emphasized in the previous studies [44, 21, 45].873

Self-disclosure refers to revealing personal and even sensitive information to874

others [135]. Prior work has identified its important role in building trust [136] and875

intimacy [137] for communication. In our study, users’ subjective self-disclosure876

is satisfying (above 3.8 out of 5) in all the experimental conditions. Still, their ob-877

jective self-disclosure (below 1 out of 2) is not as good as the subjective measure.878

The discrepancy between the two measures might be due to our chatbot’s limited879

social skills. Since our study has aimed to investigate the effects of psychological880

assessment design on users’ self-disclosure in Open-EQs, we did not incorporate881

the social characteristics into the chatbot design, such as proactivity (e.g., ac-882

tive listening [44]) and emotional intelligence (e.g., empathetic responses [138]),883

which, however, could encourage honest self-disclosure during the communica-884

tion [139].885

The interaction style indirectly influences subjective and objective self-disclosure886

through assessment credibility, while questionnaire length does not (Figure 3).887

Despite the lack of a main effect of questionnaire length, questionnaire length888

seems to influence the effect of interaction style on self-disclosure (subjective).889

Although participants thought the design manipulations of psychological assess-890

ment did not significantly influence their willingness to disclose themselves (sub-891

jective self-disclosure) for Open-EQs, in practice, they showed more self-disclosure892

in form-based conditions than in conversation-based conditions. This may imply893

that the form-based interaction is more favorable than the conversation-based in-894

teraction regarding users’ self-disclosure in their responses to Open-EQs.895

We measured the response quality of Open-EQs from multiple dimensions,896

and the Form*Middle design leads to the highest response quality index (RQI),897

and the Form*Short design has the highest informativeness. We argue that per-898

ceiving higher assessment credibility in the form-based questionnaire motivates899

participants who feel lonely to talk with the survey chatbot. Furthermore, the re-900

sponse quality of Open-EQs is highly associated with objective self-disclosure,901

which aligns with the findings of existing work [21, 140].902

6. Limitations903

Our study has several limitations that need to be mentioned while interpreting904

our research findings, including the unbalanced gender distribution, narrow scope905
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of mental health, and limited social communication skills of our chatbot.906

First, our primary target group is university students who may suffer from907

loneliness. To reach a broad audience, we have collaborated with the Counsel-908

ing and Development Center (CDC) of Hong Kong Baptist University (HKBU)909

to recruit participants within the university. However, we encountered an imbal-910

ance in the gender distribution of our participants, primarily because HKBU has a911

higher ratio of female students. In addition, existing research suggests that lone-912

liness is more commonly experienced by males than females [141]. However, the913

analysis of gender as a control variable on all dependent variables did not yield914

significance. Therefore, the gender imbalance should not significantly impact the915

generalizability of our findings.916

Second, we investigated the design of the psychological assessment only for917

loneliness because the loneliness scale has three validated length versions, which918

meets our requirement of manipulating questionnaire lengths as short, middle,919

and long. Strictly speaking, loneliness is not a mental health issue, but it is closely920

related to various mental health issues such as anxiety, stress, and depression [142,921

143]. Lonely people may behave differently from those who suffer from mental922

health issues regarding self-disclosure intentions. For example, lonely people are923

more willing to disclose private information than those connected [144], while924

individuals with depression and anxiety are associated with lessened emotional925

self-disclosure [145]. Therefore, further study is needed to validate to what extent926

our findings on the psychological assessment design can be generalized to a survey927

chatbot for screening other mental health issues.928

Third, our current survey design is that Open-EQs were positioned immedi-929

ately after Closed-EQs. While this sequential arrangement is common in mental930

health survey design, there are some alternative methods to mix Open-EQs and931

Closed-EQs. For example, participants could explain their choices of a Closed-932

EQ through the following Open-EQ. This highlights the need for further research933

to explore diverse psychological measurement design approaches in survey chat-934

bots.935

Fourth, since we have focused on investigating the impacts of the psychologi-936

cal assessment design on user responses to Open-EQs, our survey chatbot provides937

relatively unified responses according to the length of users’ responses. For ex-938

ample, “I understand.” or “Thank you. I really appreciate your input.”. However,939

some participants expected to receive more meaningful and personalized feedback940

while conversing with the chatbot. For example, “...the bot response does not re-941

ply authentically according to my response.” (P56, Con*Middle) In the future, we942

plan to incorporate sophisticated social communication skills, such as active lis-943
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tening [44] and bot self-disclosure [46, 45] into a survey chatbot for mental health.944

Besides, the chatbot powered by large language models (LLMs) [146], e.g., Chat-945

GPT,13 has demonstrated an impressive ability to understand and generate natural946

language in conversation. Therefore, we will consider leveraging the LLMs to947

generate engaging and empathetic responses so as to improve user engagement in948

the survey chatbot for mental health.949

7. Conclusions950

We conducted a field study (N=213) that investigated how two prominent de-951

sign factors of the psychological assessment (i.e., interaction style and question-952

naire length) influence user responses to the open-ended questions (Open-EQs)953

in a survey chatbot for mental health. The results indicate that the form-based954

interaction is more favored than the conversation-based interaction for the psy-955

chological assessment regarding users’ perceived assessment credibility and self-956

awareness. The increased assessment credibility could further stimulate more957

self-disclosure and quality responses in Open-EQs. Moreover, although the ques-958

tionnaire length has a limited impact on user responses to Open-EQs, we suggest959

that the questionnaire length could be adapted to the assessment purpose and con-960

tent or be determined based on participants’ time pressure. To the best of our961

knowledge, most existing works on mental health chatbots focus on enhancing962

chatbots’ communication skills to increase user engagement and response qual-963

ity [44, 21, 46, 45]. However, little work has investigated the potential effect of964

the psychological assessment design in a survey chatbot for mental health. Fi-965

nally, we explain our findings through an SEM model containing all design fac-966

tors, response quality and self-disclosure in Open-EQs, and the users’ perceptions967

of the survey. By investigating two prominent design factors of the psychologi-968

cal assessment in a survey chatbot for mental health, we believe that the findings969

could be suggestive for researchers and practitioners to better leverage the chatbot970

technology for improving the quality and user experience of their mental health971

survey.972
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Appendix A. Open-ended Questions1418

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).

Appendix B. Post-study Questions1419

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

ID Question

Post-Q1 What do you think of answering the questions to know your loneliness score?
Post-Q2 What do you think of knowing your mental status by chatting with such a bot?
Post-Q3 What do you think of answering the questions in conversation with the Percy bot

instead of filling in an online form?
Post-Q4 What do you think of describing your feelings through talking with the Percy bot?
Post-Q5 What questions that the Percy bot asked may make you feel concerned about?

48



Acc
ep

ted

Appendix C. Descriptive Statistics of Dependent Variables1420

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 (414.4) 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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