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ABSTRACT 

In the context of mental wellness support, trust and intimacy 

between a counselor and a patient are necessary to converge healing 

processes positively. However, convincing students to trust a 

virtual human for topics regarding mental wellness is a complex 

problem that requires understanding students’ experiences. Based 

on research that discusses mental health as a concerning topic 

regarding Computer Science (CS) students, this paper investigates 

how undergraduate computing-related students perceive virtual 

humans’ expertise on mental wellness support based on 

demographic resemblance on spoken accent and gender. Four 

virtual human counselors were developed to conduct the study, as 

58 undergraduate computing-related students from two North 

American universities were recruited and assessed. Our findings 

suggest that students were less inclined to interact with a male 

virtual human than a female one. Also, that spoken accents can 

impact students’ perceptions of expertise under students’ 

multilingualism. 
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1 INTRODUCTION 

Human-to-human relationships are complex and full of factors that 

affect how individuals trust each other. Factors may vary from 

demographic characteristics (e.g., same place of origin) to shared 

backgrounds and stories (e.g., a trip to Europe), and impact how 

much an individual opens and shares: how much intimacy can exist 

in a relationship. In the context of mental wellness support, trust 

and intimacy between a counselor and a patient are necessary to 

converge healing processes positively [41, 43, 21, 6]: a counselor 

needs to know the patient good enough to help, as the patient needs 

to trust enough to share their experiences and traumas. That trade-

off of experiences and advice requires professional training in 

guidance and is generally piloted by counselors during multiple 

listening sessions to understand their patients. However, the lack of 

alliance between patients and counselors can lead to early processes’ 

withdrawals [6, 41], leaving patients without the healing they need 

or that they were looking for. 

The study reported in this paper contributes to the broader 

project RM3, which stands for “The right message, from the right 

messenger, at the right moment.” The project enables online 

learning students to interact with a virtual human inside their 

Learning Management System (LMS) to discuss mental health 

topics. The project’s virtual humans (VHs) are proposed and 

designed as culturally relevant solutions that engage students in 

informing and connecting them to the right mental health resources 

when needed. Nevertheless, convincing students to trust in a virtual 

human for topics regarding mental wellness is a complex problem 

that requires understanding students’ situational factors and the 

identification of barriers that arise when students’ expectations do 

not match virtual humans’ characteristics and behavior. 

To contribute to the state of the art on the design of virtual 

humans for mental wellness support, we conducted a study to 

understand how individuals perceived virtual human’s expertise, 

regarding two of the virtual human’s characteristics: gender and 

spoken accent. We conducted our study with computing-related 

undergraduate students who interacted with virtual humans 

developed to introduce and explain “Gratitude Journaling” as a 

mental wellness technique [15]. We considered a computing-

related context based on existing research on mental health in 

Computer Science Education (CS Ed) that discusses anxiety, 

depression, and the Impostor Phenomenon (IP) among CS students 

[35, 38]. Our study addressed the following research questions: 
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• RQ1: Can the spoken accent of a virtual human designed 

for mental wellness conversations impact how 

undergraduate computing-related students perceive the 

virtual human’s expertise? 

• RQ2: Can the gender of a virtual human designed for mental 

wellness conversations impact how undergraduate 

computing-related students perceive the virtual human’s 

expertise? 

For this study, we considered two hypotheses based on our 

research questions: 

• H1: The spoken accent of a virtual human designed for 

mental wellness conversations can impact how 

undergraduate computing-related students perceive the 

virtual human’s expertise. 

• H2: The gender of a virtual human designed for mental 

wellness conversations can impact how undergraduate 

computing-related students perceive the virtual human’s 

expertise. 

2 BACKGROUND 

2.1 Computing Education and Mental Wellness 

Recent CS Ed studies have addressed the importance of mental 

wellness and counseling for CS students [35, 38]. Rosenstein et al., 

[35] studied the prevalence of the Impostor Phenomenon (IP) [7] 

among CS students in America by using the Clance IP Scale [14] 

with over 200 junior and senior undergraduate students. The 

authors found that 57.4% of participants met the diagnostic criteria 

for IP, also finding that IP was exposed statistically more prevalent 

in CS than in previously explored STEM disciplines. Similarly, 

Soares Passos et al., [38] studied the prevalence of anxiety and 

depression symptoms among 131 CS undergraduate students in 

Brazil, using two quantitative scales: The Beck Anxiety Inventory 

(BAI) [4] and the Beck Depression Inventory (BDI) [5]. The 

authors found that the prevalence of anxiety and depression 

symptoms was higher among Brazilian CS students than the 

general Brazilian population and more prevalent in female CS 

students. Most of the students with high BDA and BDI scores were 

not in treatment for anxiety or depression [38].  

Our study contributes to the design and evaluation of virtual 

humans to serve counseling and mental wellness for computing-

related students. We report how the match and mismatch of human-

centered factors such as gender and spoken accent influence 

computing-related students’ judgment with virtual humans 

designed for mental health support. 

2.2 Gender and Virtual Humans 

The role of gender in mental wellness scenarios and its impact on 

mental disorders treatments has been explored in different studies 

[41, 43, 21, 6]. Some of them have found gender-matching (i.e., 

same gender between the patient and the therapist) not to influence 

the outcomes of treatment [41, 21], as some others have found 

otherwise [43, 6]. For example, Wintersteen et al., [41] conducted 

a study with over 600 adolescent substance abusers. They observed 

that gender-matching led to higher earlier alliances than gender-

mismatch: male adolescents tended to stay longer in treatment 

when matched with a male therapist. Contrarily, Zlotnick et al., [43] 

observed that among patients with depression, gender-matching did 

not significantly impact the level of depression at the termination 

of treatment, nor attrition rates, or patients’ perceptions about their 

therapists. In the HCI community, several studies have evaluated 

the effects virtual humans’ gender has on virtual humans’ 

credibility [26, 29, 34, 24, 40]. Similarly, some of them have found 

virtual humans’ gender to impact how they are perceived [26, 29, 

34, 24], as some others have reported no effects [40, 37]. In general, 

as it can be seen in Richards et al., [34] work, assessing virtual 

humans’ characteristics is a complex task that not necessarily 

outcomes a “silver bullet.” Hence, it is essential to understand users, 

characterize them, and conceive human-centered designed 

solutions.  

Regarding our study’s scope, our literature review found no 

previous work that assessed virtual humans concerning gender in 

the context of counseling or mental wellness. This literature gap 

means that our study contributes to the HCI community in the 

assessment of virtual humans designed especially for counseling, 

considering their gender and speech cues such as their accent. 

2.3 Spoken Accent and Virtual Humans 

Multiple studies have reported on the impact accent has on 

individuals’ credibility and judgment in different spoken dialogue 

scenarios, exploring positive and negative biases in regard to 

accent’s foreignness. Regarding native English listeners in 

America, some studies have found them presenting negative biases 

towards foreign accents, with native English listeners finding non-

native English speakers’ statements less credible [31, 37, 27, 28]. 

For example, Lev-Ari and Keysar [31] came to that conclusion after 

assessing adult undergraduate American native English listeners 

towards three types of accents: American English (i.e., native), 

mild non-native (e.g., German), and heavy non-native (e.g., 

Korean). Kinzler et al., [27] came to similar findings with 

American preschool-aged children, who preferred native-accented 

speakers to foreign-accented ones for tasks involving linguistic and 

object recognition. Their work relates to Kinzler et al., previous 

work [28], which reports on how months-old infants and young 

children preferred looking at people who had previously spoken to 

them with a native accent. 

Other research has referred to international populations and has 

found that accent impacts how listeners believe in speakers [20, 17, 

23, 16, 22]. For example, Hanzlíková and Skarnitzl [20] revisited 

Lev-Ari and Keysar [31] with anglophone Czech participants. They 

found that non-native English listeners were sensitive to non-native 

English speakers, generally favoring statements coming from 

native English speakers. In another context, Frances et al., [17] 

assessed Spaniards native to Barcelona, Spain, towards different 

Spanish regional accents from Spain and Latin-America.  
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(a)                                                                                                           (b)  

Figure 1. VIP System – Counseling Virtual Humans 

 

Their results did not find speakers’ accents to impact memory or 

credibility. Nevertheless, the authors explain that their findings 

could be due to intelligibility. When intelligibility is high and 

cannot be attributed to linguistic competence, listeners may not 

perceive a different accent as an indicator of less intellectual ability. 

Jiang et al., [23] and Foucart et al., [16] went one step further and 

assessed non-American participants psychophysically with event-

related potentials (ERPs). Foucart et al., [16] observed that foreign 

accents negatively impacted how speakers were evaluated on social 

variables such as affect, status, and solidarity. Jiang et al. [23] 

observed that listeners presented increased neural activity by 

accents familiar to them and discussed how the lack of experience 

with foreign accents could increase processing needs due to 

reduced intelligibility. Jiang et al., [23] based their work on 

Hatzidaki et al., [22], who argued on how listeners discontinued 

processing social information when facing foreign-accented 

speech. 

Human-Computer Interaction (HCI) researchers have also 

explored the role that speech has on listeners’ perceptions of spoken 

interfaces’ credibility [11, 9, 8, 36], and some of them have done 

so concerning virtual humans [25, 33, 10]. Dahlbäck et al., [11], for 

example, explored the similarity-attraction effect between 

individuals’ region and spoken web interfaces’ accents to find that 

users preferred accents similar to their own. That same similarity-

attraction effect was observed by Cowan et al. [9] regarding 

navigation systems’ credibility, as their Irish users rated as more 

trustworthy an Irish accented system than an American accented 

one. On the other hand, Khooshabeh et al., [25] studied the effect 

accents posed on virtual humans’ credibility. The authors observed 

that users were more likely to make decisions congruent with their 

cultural customs after interacting with a culturally-related virtual 

human—they used accent as the primary paralinguistic cue. 

In the context of our study, we contribute by evaluating how 

accent impacts the way users perceive virtual humans’ expertise 

when the agents are designed to assist in mental wellness 

counseling. Our literature review found no previous work that 

assessed virtual humans concerning language nor accent, especially 

for counseling or mental health assistance. With our study, we pose 

a novelty contribution to the state-of-the-art to explore strategies 

towards human-centered design of virtual humans for counseling 

and mental wellness support. 

3 SYSTEM DESIGN 

We designed and developed four virtual humans (VHs) using the 

Virtual Interviewer Platform (VIP) for the study. As described by 

Zalake et al., the VIP is an internet-based system designed for rapid 

prototyping of real-time VHs [42]. The VIP system offers a 

repository of 3D VHs and features a Conversational Script Editor 

that integrates Ink [3] to allow designers to create and edit VHs’ 

dialogues. The system’s architecture includes WebGL to enable 

cross-platform compatibility [30]. 

For this study, four VHs were designed to foster mental 

wellness conversations. They varied regarding their biological 

sex—female (figure 1-a) or male (figure 1-b), and their spoken 

English accent. Four accents were used from the Google Cloud 

Text-to-Speech API [2]: 1) American Female—en-US-Standard-G 

(FEMALE), 2) International Female—de-DE-Standard-A 

(FEMALE), 3) American Male—en-US-Standard-D (MALE), and 

4) International Male—de-DE-Wavenet-B (MALE). We selected 

German accents for the international VHs due to the high 

resemblance between English and German in terms of intonation 

[19]. Participants were not informed about the accents they were 

exposed to. We compared VHs with similar spoken intonations 

(German and English) to avoid potential biases regarding 

participants’ assumptions on VHs’ demographics.   

All four VHs where light-skinned and addressed the same topic 

with a constant script on “Gratitude Journaling” [15]. The color of 

the VHs’ skin was decided based on counseling services’ 

demographics in the U.S.A [1], which indicate that most counselors 
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in the U.S.A are white non-Hispanic professionals.  The system 

provided participants with an interface that featured one virtual 

human at a time to interview with. The interview structure 

consisted of close-ended multiple-option questions, which the 

participants responded to using on-screen buttons (see Figure 1). 

The VHs were in a sitting pose during the interview and had an idle 

breathing animation. 

4 METHOD 

We conducted an online-asynchronous study in Spring-2021 

with undergraduate sophomore and senior computing-related 

students at two universities in North America. We collected data 

via four questionnaires distributed between four groups of students, 

each one featuring one virtual human. Students’ participation was 

no longer than 60 min for the study, and all communication with 

them was conducted via email. 

4.1 Participants 

We report on data that corresponds to a sample population 

consisting of undergraduate sophomore and senior computing-

related-major students (n=58) from two universities in North 

America. The recruitment process was open to any participant from 

these colleges regardless of their age, gender, ethnicity, language, 

or place of origin.  Participants’ demographics were collected after 

interacting with the study’s virtual humans: there was no prior filter 

to balance groups regarding demographic characteristics. 

Participants’ reported age was: 18-20 years of age (n=30), 21- 

25 years of age (n=21), 26-30 years of age (n=4), and >30 years of 

age (n=3). We asked participants to report their place of origin (i.e., 

city and country) and how many languages they were familiar to. 

Participant’s reported place of origin distributed the sample 

population between US national students (n=44), international 

students (n=10), and a group of students who did not report their 

place of origin (n=4). Similarly, students’ reported languages 

distributed the sample population between two groups: 

monolingual speakers (n=30)—English as the main language, and 

multilingual speakers (n=28).  

We asked participants to report their gender (Female, Male, and 

non-Binary), as also their ethnicity. Participant’s reported gender 

distributed the sample population between Female (n=24) and Male 

(n=34). The ethnical groups we obtained were majorly White, Non-

Hispanic/Latin American (n=28), Hispanic/Latin American 

(n=14), and Asian/Pacific Islander (n=11). Five participants 

reported to belong to other ethnical groups (n=5).  

Female participants’ reported ethnicity was: White, Non-

Hispanic/Latin American (n=10), Hispanic/Latin American (n=7), 

Asian/Pacific Islander (n=6), and one participant reported other 

ethnical groups (n=1). On the other hand, male participants’ 

reported ethnicity was: White, Non-Hispanic/Latin American 

(n=18), Hispanic/Latin American (n=7), Asian/Pacific Islander 

(n=5), and four participants reported other ethnical groups (n=4).  

 

 

4.2 Study Design 

The study was an online, asynchronous, and two-factorial between-

subjects. Participants were recruited from two universities in North 

America. First, students were given an informed consent document 

with the details of the study. They were asked to read it and respond 

to an online survey if they agreed to participate. Participants who 

agreed to take part in the study were distributed between four 

groups, each one introducing one sole virtual human (section 3): 

• Group 1 (G1) introduced a light-skinned female virtual 

human with an American English accent. 

• Group 2 (G2) introduced a light-skinned male virtual 

human with an American English accent. 

• Group 3 (G3) introduced a light-skinned female virtual 

human with a non-native English accent. 

• Group 4 (G4) introduced a light-skinned male virtual 

human with a non-native English accent. 

Table 1 describes the four groups and their participants based 

on gender and ethnicity. Table 2 describes the four groups based on 

participants’ gender and multilingualism. 

 

Table 1. Participants per Group—Gender and Ethnicity 

Gender Ethnicity 

G1  

(n=17) 

G2 

(n=11) 

G3 

(n=13) 

G4 

(n=17) 

Female 

Asian / Pacific 

Islander 0 4 1 1 

White, Non-

Hispanic/ Latin 

American 2 1 4 3 

Hispanic / Latin 

American 2 1 1 3 

Other 1 0 0 0 

Male  

Asian / Pacific 

Islander 1 2 1 1 

White, Non-

Hispanic/ Latin 

American 7 1 4 6 

Hispanic / Latin 

American 2 1 2 2 

Other 2 1 0 1 

 

Table 2. Participants per Group—Gender and Multilingualism 

Participants per Group - Gender and Ethnicity 

Gender Ethnicity 

Group 1 

(n=17) 

Group 2 

(n=11) 

Group 3 

(n=13) 

Group 4 

(n=17) 

Female 
Monolingual 2 2 2 3 

Multilingual 3 4 4 4 

Male 
Monolingual 7 2 5 7 

Multilingual 5 3 2 3 
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We then asked participants to respond to an online questionnaire 

of 21 questions that presented three sections in sequence: 

1. The first section asked seven demographic questions 

about participants’ age, gender, race, ethnicity, place of 

origin, and spoken languages. 

2. The second section included a link to the virtual human 

participants were asked to interact with. The interaction 

with the virtual human was no longer than 10 min and 

it addressed “Gratitude Journaling” [15] as the main 

topic. After interacting with the virtual human, 

participants were asked to respond to three questions: 

a. Multiple-option close-ended question: What is 

the topic the virtual human introduced? 

b. 7-point Likert Scale: “The virtual human was an 

expert on the topic s/he introduced” 

c. Open-ended question: “Please explain your 

response” 

3. The third section had five close-ended and six open-

ended follow-up questions on participants’ perceptions 

about virtual human’s characteristics (e.g., gender, race, 

ethnicity), as also on users’ perceptions about expertise, 

empathy, and bonding (i.e., create and maintain 

emotional relations). For the extend of this paper—

centered on expertise regarding gender and spoken 

accent, only two close-ended questions are analyzed in 

addition to their corresponding follow-up open-ended 

questions (i.e., “please explain your response”). 

Responses to the additional questions are intended for 

future publications. The two questions considered in 

this paper are: 

a. Close-ended multiple-choice question:  In the 

case of a mental wellness conversation, which 

kind of a virtual human would you prefer to talk 

to? 

b. Close-ended 7-scale question: How important 

do you consider is expertise (i.e., knowledge in 

a particular field) as a factor to trust in a virtual 

human? 

4.3 Data Analysis 

To respond to the questions posed in Section 1, we broke down our 

analysis into two parts. The first part corresponds to students’ 

responses to the 7-point Likert scales that assessed their perceptions 

on the VHs’ expertise. We began our analysis on students’ 

responses by comparing the four VHs based on their characteristics, 

initially ignoring students’ demographics. Then, we followed up by 

exploring how demographic subgroups of students behaved 

between one and another towards the VHs’ characteristics. We 

compared female and male students who interacted with female and 

male VHs, as also monolingual and multilingual students regarding 

the VHs’ spoken accent. Due to Likert scales’ ordinal structure, we 

conducted our analysis using the non-parametric independent 

samples Mann-Whitney U test [12] to compare groups and 

subgroups of participants, two at a time. The Inferential statistics 

considered the whole set of responses from 1-score to 7-score. 

Additionally, we considered the most frequent score (i.e., the 

mode) per Likert scale, as also the frequency of the three highest 

(5, 6, & 7) and three lowest (1, 2, & 3) options. We did that 

additional analysis to observe participants’ perceptions out of the 

Likert scale’s middle-point (4-score): middle-point responses could 

mean ambivalence [18] or lack of motivation [13, 32]. 

The second part refers to students’ perceptions on expertise and 

gender regarding VHs characteristics. Our analysis was percentual 

and based on participants’ gender, and multilingualism. The 

responses analyzed in this part responded to the third section of the 

questionnaire (section 4.2)—for the second question we used the 

non-parametric independent samples Mann-Whitney U test [12] to 

compare demographic subgroups. 

5 FINDINGS AND RESULTS 

This section presents findings and results according to the structure 

described in section 4.3. The four VHs were introduced in section 

3 and described in section 4.2. 

5.1 Perceptions on Accent and Expertise 

Table 3 shows responses’ distribution on participants’ perceptions 

of expertise regarding the four VHs that were evaluated. Male 

virtual humans—G2 and G4, presented higher frequencies of high 

responses and lower frequencies of low responses than their female 

counterparts—G1 and G3. Virtual humans who posed an American 

English accent—G1 and G2, exposed higher frequencies of high 

responses than the two VHs who posed a non-native English 

accent—G3 and G4. The female non-native English speaking 

virtual human—G3 presented the lowest frequency of high 

responses (69.23%) and the highest frequency of low responses 

(23.08%). On the other hand, the male American English-speaking 

virtual human—G2, scored the highest frequency of high responses 

(81.82%) and the lowest frequency of low responses (9.09%). G2 

was also the only virtual human to have seven (36.36%) as one of 

the two most frequent responses, next to five (36.36%). 

Nevertheless, we compared the best-rated virtual human—G2, with 

the worst-rated one—G3, and found no significant difference 

between them (Mann-Whitney U Test, p>0.05). 

 

Table 3. Participants’ Perceptions—Groups’ Comparison 

Group 

High Res. Freq. 

[%] 

(5, 6, & 7) 

Low Res. Freq. 

[%] 

(1, 2, & 3) 

(Mode, 

Frequency [%]) 

G1 

(n=17) 70.59% 11.76% (6, 35.29%) 

G2 

(n=11) 81.82% 9.09% 

(7, 36.36%),  

(5, 36.36%) 

G3 

(n=13) 69.23% 23.08% (5, 38.46%) 

G4 

(n=17) 70.59% 11.76% (6, 41.17%) 
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Table 4 presents responses’ frequencies on participants’ 

perceptions of expertise based on participants’ skills with multiple 

languages—monolingual or multilingual. Monolingual 

participants’ rates varied from American English-speaking VHs 

and non-native English-speaking VHs, being apparently high 

towards American English-speaking VHs—G1 and G2. However, 

we found no significant difference between VHs for monolingual 

subgroups (Mann-Whitney U Test, p> 0.05). We found that for the 

first three groups—G1, G2, and G3, no significant difference was 

found between monolingual or multilingual participants—(Mann-

Whitney U  Test, p> 0.05). Nevertheless, towards the male non-

native English-speaking virtual human—G4, we found a 

significant difference between monolingual and multilingual 

participants—(Mann-Whitney U Test, p<0.05). 

 

Table 4. Perceptions—Monolinguals and Multilinguals 

Group Subgroup 

High Res. 

Freq. (5, 6, 

& 7) [%] 

Low Res. 

Freq. (1, 2, 

& 3) [%] 

(Mode, 

Frequency 

[%]) 

G1 

(n=17) 

Mono. 

(n=9) 66.67% 11.11% (5, 33.33%) 

Mult. 

(n=8) 75.00% 12.50% (6, 50.00%) 

G2 

(n=11) 

Mono. 

(n=4) 100.00% 0.00% (7, 75.00%) 

Mult. 

(n=7) 71.43% 14.29% (5, 57.14%) 

G3 

(n=13) 

Mono. 

(n=7) 71.43% 14.29% (5, 42.86%) 

Mult. 

(n=6) 66.67% 33.33% 

(6, 33.33%),  

(5, 33.33%),  

(3, 33.33%) 

G4 

(n=17) 

Mono. 

(n=10) 50.00% 20.00% 

(6, 33.33%),  

(4, 33.33%) 

Mult. 

(n=7) 100.00% 0.00% (6, 57.14%) 

 

Table 5. Participants’ Perceptions—Females vs Males 

Group Subgroup 

High Res. 

Freq. (5, 6, 

& 7) [%] 

Low Res. 

Freq. (1, 2, 

& 3) [%] 

(Mode, 

Frequency 

[%]) 

G1 

(n=17) 

Female 

(n=5) 80.00% 20.00% (6, 60.00%) 

Male 

(n=12) 75.00% 8.33% (5, 41.67%) 

G2 

(n=11) 

Female 

(n=6) 100.00% 0.00% (5,50.00%) 

Male 

(n=5) 60.00% 20.00% (7, 40.00%) 

G3 

(n=13) 

Female 

(n=6) 83.33% 16.67% 

(6, 33.33%),  

(5, 33.33%) 

Male 

(n=7) 66.67% 28.57% (5, 42.86%) 

G4 

(n=17) 

Female 

(n=7) 71.43% 14.29% 

(6, 28.57%),  

(5, 28.57%) 

Male 

(n=10) 70.00% 10.00% (6, 50.00%) 

Table 5 reports responses’ frequencies on participants’ 

perceptions of expertise based on participants’ gender—female or 

male. In general, female participants were more into providing 
higher rates compared to the male participants. None of the 

groups (G1 to G4) presented a significant difference between 

female or male participants— (Mann-Whitney U Test, p> 0.05). 

5.2 Perceptions on Gender and Expertise 

Figure 2 presents participants’ preferences about VHs’ gender—

female or male. As it can be seen, 50.00% (n=29) of participants 

indicated that they were okay with any of both genders, while 

37.93% (n=22) preferred a female virtual human. Only 6.90% 

(n=4) of participants preferred a male virtual human—one female 

and three males, and 5.17% (n=3) indicated preferring none of 

them—two males and one female. 

 

 

Figure 2. Virtual Humans and Gender Preferences 

 

Table 6. Perceptions about Expertise—Demographic Distribution 

  Demographic Distribution [%] 

7-point 

Likert 

Scale 

score 

Multilingual 

(n=28) 

Monolingual 

(n=34) 

Female 

(n=24) 

Male 

(n=34) 

1 3.57% 0.00% 0.00% 2.94% 

2 0.00% 3.33% 0.00% 2.94% 

3 10.71% 10.00% 12.50% 12.50% 

4 7.14% 20.00% 8.33% 17.65% 

5 32.14% 30.00% 30.00% 32.35% 

6 39.29% 20.00% 33.33% 26.47% 

7 7.14% 16.67% 16.67% 8.82% 

 

Table 6 presents participants’ perceptions on how important 

they considered expertise to be as a factor to trust in a virtual 

human. Responses from multilingual participants (n=28) were not 

significantly different (Mann-Whitney U Test, p>0.05) than those 

from monolingual participants (n=30). However, multilingual 

participants had a higher frequency of responses (46.43%) that 

rated between six (6) and seven (7) on the Likert scale, compared 
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to monolingual participants (36.67%). Female participants (n=24) 

were not significantly different (Mann-Whitney U Test, p>0.05) 

from male participants (n=34). However, female participants 

reported a higher frequency of responses (50.00%) that rated 

between six (6) and seven (7) on the Likert scale, compared to male 

participants (35.29%). 

6 CONCLUSIONS AND FUTURE WORK 

Based on the findings and results presented in this paper, we 

obtained a positive answer to RQ1—Can the spoken accent of a 

virtual human designed for mental wellness conversations impact 

how undergraduate computing-related students perceive the 

virtual human’s expertise? Hence, H1 is accepted: The spoken 

accent of a virtual human can impact how computing-related 

students perceive the virtual human’s expertise. Our conclusion is 

based on the analysis presented in section 5.1 in regard to the male 

non-native English-speaking virtual human—G4: multilingual 

students rated higher the non-native English-speaking virtual 

human. Although that outcome was also expected for the female 

non-native English-speaking virtual human—G3, we believe that 

the lack of significant difference for G3 may respond to the 

students’ low preference towards male virtual humans (see Figure 

2). Further research may explore the previous rationale to also 

understand why could accents impact users’ perceptions on 

expertise. 

On the other hand, we obtained a negative answer to RQ2— 

Can the gender of a virtual human designed for mental wellness 

conversations impact how undergraduate computing-related 

students perceive the virtual human’s expertise? Therefore, H2 is 

rejected: Our study did not find any significant difference in 

students’ expertise perception, between groups and demographic 

subgroups, regarding participants’ gender and virtual humans’ 

gender resemblance. However, these findings respect what students 

responded to in Figure 2: 50% of participants explicitly indicated 

no preference for gender. For this study, we assessed the question 

in Figure 2 in the third and last section of the core questionnaire 

(see Section 4.2): participants were randomly assigned between 

groups. Further research will attempt to characterize participants 

ahead to their interactions, to assess gender exclusively as a core 

virtual human’s characteristic. 

Currently, the VIP system (Section 3) features text-based and 

multiple-choice close-ended interaction with our VHs. Next steps 

will consider spoken open-ended interactions with the VHs: how 

the interlocution between students and VHs impact perceptions of 

expertise. Moreover, we will evaluate students’ interactions with a 

more varied catalog of spoken accents to find similarities and 

differences that can be translated into design frameworks of VHs. 
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