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Employment outcomes for autistic1 individuals are often poorer relative to their neurotypical (NT) peers, re-

sulting in a greater need for other forms of financial and social support.While a great deal of work has focused

on developing interventions for autistic children, relatively less attention has been paid to directly address-

ing the employment challenges faced by autistic adults. One key impediment to autistic individuals securing

employment is the job interview. Autistic individuals often experience anxiety in interview situations, par-

ticularly with open-ended questions and unexpected interruptions. They also exhibit atypical gaze patterns

that may be perceived as, but not necessarily indicative of, disinterest or inattention. In response, we devel-

oped a closed-loop adaptive virtual reality (VR)–based job interview training platform, which we have named

Career Interview Readiness in VR (CIRVR). CIRVR is designed to provide an engaging, adaptive, and individ-

ualized experience to practice and refine interviewing skills in a less anxiety-inducing virtual context. CIRVR

1Due to a preference of autistic individuals and their families to use identity-first language [43], we have chosen this form

of disability-related terminology.
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contains a real-time physiology-based stress detection module, as well as a real-time gaze detection module,

to permit individualized adaptation. We also present the first prototype of the CIRVR Dashboard, which pro-

vides visualizations of data to help autistic individuals as well as potential employers and job coaches make

sense of the data gathered from interview sessions. We conducted a feasibility study with 9 autistic and 8

NT individuals to assess the preliminary usability and feasibility of CIRVR. Results showed differences in

perceived usability of the system between autistic and NT participants, and higher levels of stress in autistic

individuals during interviews. Participants across both groups reported satisfactionwith CIRVR and the struc-

ture of the interview. These findings and feedback will support future work in improving CIRVR’s features

in hopes for it to be a valuable tool to support autistic job candidates as well as their potential employers.

CCS Concepts: •Human-centered computing→Virtual reality;Usability testing; •Computingmethod-

ologies→Machine learning;
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1 INTRODUCTION

Autism Spectrum Disorder (ASD) is a lifelong neurodevelopmental condition characterized by dif-
ferences in social communication as well as restrictive or repetitive patterns of behavior or inter-
ests, with a current prevalence of 1 in 54 children (approximately 2% of the entire population) in
the United States [1, 50]. Although significant attention has been paid to the development of early
intervention programs for autistic children, it is only recently that industry, researchers, and policy
makers have begun to broaden their focus and efforts to address a major challenge facing autistic
adults —meaningful employment [55]. Finding and keeping meaningful employment is essential
for independence as well as for personal fulfillment and well-being [38]. Unfortunately, estimates
indicate that only 10% to 50% of autistic individuals are employed; even at the most optimistic end
of this wide range, only about 15% to 20% of employed individuals are in full-time roles that are
capable of supporting independence [3, 55].
Most autistic individuals report a desire to work but cite difficulties in finding employment and

maintaining employment due to the severe challenges of the work environment [80]. Barriers to
employment for autistic individuals have been attributed to multiple factors, including acute chal-
lenges of the job interview process; differences or deficits in social behavior and communication in
the workplace; reduced access to post-secondary education; often co-occurring conditions, such as
intellectual disability or attention-deficit hyperactivity disorder (ADHD); and workplace discrimi-
nation of autistic individuals by both employers and co-workers [14, 55, 80]. Amongst these, the job
interview poses an initial barrier to employment in which strong verbal communication and over-
all demeanor as expected from neurotypical (NT) individuals are considered necessary traits for a
qualifying candidate [2, 14]. Smith et al. [72] conducted a study to evaluate vocational interviewing
outcomes among 656 transition-age youth who received special education pre-employment tran-
sition services. They found that 21% of the participants were employed and 89% of the employed
individuals interviewed prior to obtaining employment. Their results suggest the importance of
job interviewing in obtaining employment, thus, supplementing the need for job interview inter-
ventions for the target population.

ACM Transactions on Accessible Computing, Vol. 15, No. 1, Article 2. Publication date: February 2022.
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Researchers have explored a range of methods, not limited to computing and technology, to
support the transition to employment for people with disabilities. Some of these approaches in-
clude programs in which individuals are immersed in actual work environments [34, 87], the cre-
ation of structured interview questions to improve recall during job interviews [57], the use of
audio prompting during task training to promote independence in task completion [53], and the
use of assistive technology such as tablet computers to provide support in job training and task
completion [39]. For example, Wehman et al. [87] modified an existing job intervention model by
adding support from job coaches for autistic individuals. A job coach provided individualized sup-
port by creating a goal-specific job profile, by working with the individuals on job applications
and completing interviews, by monitoring progress in learning the work, and by providing long-
term support. Their intervention yielded improved employment outcomes. However, Wehman et
al. mention that despite participants’ good work during internships, to an employer who is un-
informed of their skills, participants’ performance during interviews might limit their chances of
employment. They give an example of an autistic participant whose performance in the interview
may have limited chances of gaining employment had the employer not had the opportunity of
observing the participant in three different internships that highlighted the individual’s work ethic
and skills. Gilson et al. [34] conducted a pilot study in which a small number of college students
with intellectual disability (ID) and/or ASD were given unpaid internships to encourage task en-
gagement and social interaction in proximity with a job coach. They defined proximity as being
within 5 feet of a person and in a position that would allow the opportunity for in-person inter-
action. They found that when job coaches eventually reduced proximity and delivered prompts
via walkie-talkie in-ear devices (that the participants reported as unobtrusive and rather benefi-
cial), task engagement maintained and interactions increased. Norris et al. [57] conducted a study
to show that interviewing autistic individuals using structured questions, compared with open
questions, was more effective for eliciting personal facts and memories. More specifically, autistic
individuals found recalling information about themselves during interviews easier when theywere
given visual-verbal prompts in which a question about a particular memory was split into the fol-
lowing: when it happened, the people who were involved, the setting, the actions that took place,
and the objects that were involved. Receiving semantic prompts to specify personal characteristics
were also effective. Another approach of interviewing, not directly related to job employment, was
conducted by Harrington et al. [36] in which the interviewers adapted their questioning strategies
to fit each autistic participant’s communication capabilities. For example, considerationwas paid to
autistic participants who needed substantial time to respond to answers or needed visual support,
such as a written schedule with images to indicate the sequence of questions that would be asked
during the interview. Although the interview data had not been completed at the time, the author
reported that the use of adapted strategies enabled participants to express their views better.
All of these interventions point to ways to improve interview and employment performance

using structured, realistic coaching and training related to social communication. These studies,
however, emphasize support in the context of existing jobs and internships typically part of a pilot
program [34, 39, 53, 87]. Although useful, most autistic individuals will not always have the aid of
structured internships to showcase their skills and insteadwill need to secure employment through
traditional channels (i.e., interviews). Thus, interview training is often a crucial first step to gain-
ing meaningful employment. There are a few computer-based approaches that include interview
simulation tools allowing candidates to practice interview skills in a comfortable and controlled en-
vironment [69, 70, 78], and Virtual-Reality (VR)–based tools to practice social communication and
social interaction skills [6–8, 16, 22, 23, 68, 85, 88]. Strickland et al. [78] evaluated a job interview
training program for autistic individuals between the ages 16 and 19 that involved video modelling
via a web-based platform called JobTIPS, followed by a practice session in VR. They created a rating

ACM Transactions on Accessible Computing, Vol. 15, No. 1, Article 2. Publication date: February 2022.
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instrument to assess interview skills with the help of human resources experts as well as a scale
to measure social responsiveness in autistic individuals. The results from their study suggested
that participants who completed the employment program demonstrated improvement in verbal
responses to interview questions. However, they did not improve in delivery of responses that in-
clude non-verbal features such as posture. Burke et al. [16] evaluated Virtual Interactive Training
Agents (ViTAs) with autistic adults and individuals with other disabilities. Their study included
four sessions with ViTAs, followed by a face-to-face interview. The study showed that ViTA had
influenced improvement in interviewing skills in the participants; their recent efficacy study with
a larger number of participants confirms the same [17]. SIMmersion LLC created PeopleSim, an
online VR-based conversation skill training platform [68]. Bell et al. [8] in partnership with SIM-
mersion LLC, adapted PeopleSIM into an interview skill training platform. The system included
multiple scripts to choose from and a feedback system to help users reflect on their performance.
Smith et al. [70] then joined Bell et al. and SIMmersion LLC to create Virtual Reality Job Inter-
view Training (VR-JIT) for adults with psychiatric disabilities. The system was composed of more
than 1,000 interactive prerecorded videos coupled with speech recognition software that showed
evidence of increasing employment success among autistic individuals [69]. Recently, Smith et al.
[70] further adapted VR-JIT to meet the needs of autistic transitioning-age youth (between ages
16 to 21) and created Virtual Interview Training for Transition Age Youth (VIT-TAY) [71]. Their
study suggested that participants (between ages 16 and 26) who received pre-employment services
in school as well as training with VIT-TAY showed better job interviewing skills, lower anxiety
during interviewing when compared with those participants who did not train on VIT-TAY, and
had better employment outcomes. Thus, the study demonstrated the effectiveness of job interview
training prior to entering the job market [73]. A VR-based application called VirtualSpeech [85]
was initially created for people to practice public speaking and, possibly, to reduce their anxieties
of glossophobia (the fear of public speaking) [6]. It has now been extended to practicing social
communication more generally. It allows users to choose from multiple interview environments
and scripts, providing feedback such as eye contact and pace of speaking, and uses speech analysis
to identify possible hesitation in speech [85]. Xu et al. [88] created LittleHelper, a Google Glass
application aimed at providing real-time feedback to interviewees about appropriate levels of eye
contact and speech volume. Baur et al. [7] created a virtual job interview simulation with the
ability to detect and respond to social cues relevant to interviews, such as leaning back, smiling,
looking away, and so on, that shows the importance of conscious or unconscious non-verbal com-
munication in overall evaluation of candidates. DeVault et al. [22] created the SimSensei Kiosk, a
VR system presenting a semi-structured interview designed to elicit distress indicators to capture
measures complementing tests used by clinicians to assess depression, anxiety, and post-traumatic
stress disorder.While the two aforementioned systems were not tested on autistic individuals, they
demonstrated reliability for their respective target populations and represent a step forward in the
design of simulated interview technology. Preliminary use of such VR-based social skills interven-
tion systems, including interviewing systems, have shown initial promise in enhancing underlying
social cognitive skills [23, 91].
Although the existing VR-based systems have demonstrated potential benefits, they have not

fully leveraged recent advances in Artificial Intelligence (AI)–based technologies — such as af-
fective computing, real-time eye-gaze monitoring, and closed-loop adaptivity —that would al-
low delivering dynamic, individually tailored training for job interviews (e.g., by managing so-
cial anxiety). In response, we developed, based on stakeholder inputs, a novel platform, Career
Interview Readiness in VR (CIRVR). CIRVR is a VR-based job interview training platform in-
tended for individuals to practice important interviewing skills through a bidirectional, flexible
conversation mechanism. In addition to providing a virtual platform that builds on prior work

ACM Transactions on Accessible Computing, Vol. 15, No. 1, Article 2. Publication date: February 2022.
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[7, 8, 16, 17, 22, 23, 68–71, 73, 78, 85, 88], CIRVR conducts real-time stress detection from phys-
iological responses, eye-gaze monitoring, and emotion detection via facial image capture of the
participant. Studies have associated both social anxiety and atypical eye contact as common phe-
nomena in autistic individuals [19, 67, 74]. Although the literature is clear that inconsistent eye
contact in autistic individuals is not indicative of lack of attention [1, 14], there is no systematic
effort, to our knowledge, that captures gaze patterns of autistic individuals during interviews that
can provide insight to job coaches, employers, and autistic individuals themselves. In fact, per-
ceived eye contact is known to elicit arousal in certain regions of the brain of autistic individuals,
which, in turn, causes anxiety [67]. Thus, measuring stress response and eye gaze, as well as captur-
ing emotions through facial expressions (e.g., happy, sad, or frustrated), will likely provide insight
into why and when autistic individuals may struggle during traditional job interviews and how
these challenges can be overcome.
The overarching long-term goal of this research and this system is to provide insight into the

behavior of autistic individuals, not to ask them to adjust to the “norm” and behave like their NT
peers (e.g., by changing eye-gaze patterns) but rather to provide information that may lead to the
adoption of more inclusive hiring practices. However, the scope of the current work is to present
the design, feasibility, and usability of CIRVR.We believe that this first study will provide quantita-
tive and qualitative data on how autistic individuals interact with CIRVR, which will then be used
in the future to design appropriate feedback as well as create individualized practice opportunities
to enhance their interviewing skills. CIRVR also provides a Dashboard for the employers and job
coaches to visualize the data collected during practice interviews with CIRVR and analytics to help
identify refinements to existing interview protocols that better suit autistic candidates. However,
we understand that such changes take time. In the meantime, autistic individuals will need to suc-
cessfully navigate interviews that often rely onmultiple forms of open-ended questions.We expect
that CIRVR will provide individualized interview practice opportunities to autistic individuals to
improve interview performance.
The contributions of this work are twofold. First, we present the design and implementation

of a novel virtual interview system, CIRVR, based on a closed-loop conversation management
system, and real-time stress and eye-gaze detection. By closed-loop, we mean that CIRVR will
have a mechanism to dynamically adapt the conversation based on real-time response patterns of
the participants and their stress level. We also present the design of a Dashboard for CIRVR data
visualization for employers and job coaches. Second, we present the results of a feasibility study to
demonstrate the acceptability of CIRVR by the target population. It should be noted that our work
presents only an initial feasibility assessment without any system-generated feedback to the partic-
ipants. As needed for any intervention for autistic individuals, an efficacy study will be conducted
in the future that will incorporate improvements based on insights learned from the current study.
This article is organized as follows. Sections 2, 3, and 4 highlight the first contribution of our

work. In Section 2, we discuss the stakeholder input that informed CIRVR’s design and the major
components of the CIRVR design, including a discussion of the Dashboard. In Section 3, we discuss
the physiology-based stress detection module, gaze detection module, and emotion detection
module. In Section 4, we discuss the Conversation Management System and its components.
Section 5 presents the results and discussion of the feasibility study, comprising the second
contribution of our work. Section 6 summarizes the work, its current limitations, and our plan for
the future of CIRVR.

2 DESIGN OF CIRVR

CIRVR aims to provide a platform on which interviewees may practice core interviewing skills,
such as communicating effectively about their strengths, past work experience, and educational
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Fig. 1. CIRVR’s design comprises four major components: (1) the virtual environment, (2) the Dashboard,
(3) the ConversationManagement System, and (4) the physiology-based stress detection, eye-gaze detection,
and emotion detection modules via peripherals.

background. Additionally, it assesses the interviewee’s stress and eye gaze in real-time, with the
aim of using this information to guide support and training to improve interview performance.
CIRVR’s design is based on feedback received from several stakeholders, the details of which are
discussed in Section 2.1. The design consists of four major components (Figure 1). On the front end,
we have (1) the virtual environment and (2) the Dashboard. The virtual environment is where the
interview simulation takes place. The Dashboard displays data collected by CIRVR during inter-
views, such as eye-gaze patterns, affective information from the interviewee’s psychophysiology,
and key metrics from facial expressions. These multimodal signals are fundamental to CIRVR’s
capacity for potential individualized skill training and are discussed in Section 3. On the back
end, we have (3) the Conversation Management System (CMS) and (4) the physiology-based stress
detection module, gaze detection module using an eye tracker, and emotion detection module
using facial image capture. The CMS is responsible for processing the interviewee’s speech and
for transitioning from one question to another in the interview script. Participatory design with
stakeholders, VR design of CIRVR, and the Dashboard are described in Section 2. The multimodal
data capture from physiology-based stress detection, eye-gaze detection, and emotion detection
modules are discussed in Section 3. Section 4 describes the CMS and interview script design.

To accelerate the development of CIRVR, we decided to leverage existing AI services for speech
recognition, speech synthesis, and facial image processing. Specifically, we employed several
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modules from Microsoft Azure Cloud Computing Services [4], including their Cognitive Services
and Machine Learning Services within the CIRVR architecture. The Face API has been bench-
marked in [89], and the Text Analytics API has been benchmarked and proven effective in previous
works [20, 24, 61]. Both services have been further used for autistic individuals in [33].

2.1 Participatory Design and Stakeholder Input

The design of CIRVR was both motivated and improved by stakeholder input throughout its de-
sign, development, and testing. There were three primary phases in the systematic involvement of
stakeholders into the process. During the conceptualization phase, we sought input from several
stakeholders — autistic self-advocates, service providers such as job coaches and career counselors,
and employers — to understand the typical barriers to interview success for autistic job candidates
as well as how a VR-based interview simulator could be designed to be useful for the target pop-
ulation. This was achieved using a semi-structured interview protocol (that itself was developed
in tandem with autistic self-advocates) and collecting data from these stakeholders to specifically
inform the design and implementation of the VR-based interview technology. We interviewed 23
individuals (including autistic individuals, job coaches and support professionals, and employers)
either individually or as part of a focus group. All interviews were recorded, transcribed, and
coded for recurring themes regarding barriers and facilitators for job acquisition and retention.
During this phase, we also collected survey data from 27 other autistic individuals at the “Autism
Inclusion Summit” hosted by the College Autism Network at Vanderbilt University. We obtained
several important insights during this phase. For example, stakeholders consistently identified that
interviewees often struggled with the interview process in specific ways: incompletely answering
questions, struggling to understand the context of unstructured questions, and showing excessive
negative emotion in response to unexpected events or questions. Employers, service providers,
and autistic individuals all described the need for more coaching and practice with both emotion
regulation and stress management (i.e., being able to identify the specific triggers of emotional
responses and manage through them) and developing focused, structured, and timely substantive
responses to interview questions that demonstrated the requisite skills, knowledge, and thought
processes for the job. These insights led to specific modifications in the VR interviewing system
by focusing on two specific ways in which autistic individuals tended to struggle: with interrup-
tions and with vague or open-ended questions. We added functionality, in which the interviewer
is interrupted by a phone call or another employee while the interviewee is responding to a ques-
tion, which, in turn, interrupts the interviewee. Initial data show that these interruptions, even
in a virtual setting, increase stress and affect performance. Autistic individuals indicated that hav-
ing a mechanism to express themselves nonverbally would be beneficial, which led to the concept
of the Whiteboard. The service providers (i.e., job coaches) and employers indicated the need for
quantitative data during interviews so that they could modify interview protocols to accommo-
date the needs of autistic individuals (e.g., specific questions that elicit stress and lower quality of
substantive responses), which led to the development of the Dashboard.
During the development phase, we involved 4 autistic self-advocate interns, 2 males and 2 fe-

males, to test various features of CIRVR and provide this critical perspective. We implemented
multiple changes as a result. For example, we introduced more text-based instructions to help fa-
miliarize interviewees with system functionality and we improved the vocal tone and animation
of the interviewer avatar to make the system more engaging. We also refined the graphical rep-
resentation of the data in the Dashboard. Finally, during the testing phase, we ran the system
with 9 autistic participants to obtain their feedback in terms of usability and interaction. Dur-
ing this study, which is described in detail in this article, we further learned what worked and
what needed improvement. For example, 7 out of 9 autistic individuals showed preference for the
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Fig. 2. The interviewee interacts with CIRVR running on a desktop computer, with a webcam for facial image
capture and an eye tracker for gaze detection, wearing a pair of headphones with a microphone. The HMD
version, not shown here, excludes facial image capture but allows eye tracking through a built-in eye tracker.

non-HMD version of CIRVR, which motivated us to conduct the pilot study without a head-
mounted display (HMD).

2.2 Overview of CIRVR

Before we describe the details of the individual components of CIRVR, we present an overview
of the flow of an interview simulation and the role of the components mentioned earlier. The in-
terviewee interacts with CIRVR while seated using a desktop computer and standard mouse and
keyboard controls, wearing a pair of headphones with a microphone, with or without a VR HMD
(Figure 2). While CIRVR is agnostic, we are currently using the FOVE headset by Fove, Inc. [31],
and the Vive Eye Pro by HTC Corporation [21], both of which have eye-tracking capability. Note
that we have designed two versions of CIRVR —one with an HMD and one without an HMD. The
version of CIRVR reported in this article is one without the HMD in order to capture facial image
data. The VR HMD version with eye-tracking capabilities has been implemented in parallel and is
fully functional. However, its limitation is the lack of facial image capture. At runtime, the inter-
viewee enters the reception area(Figure 3) where the individual is directed by a virtual receptionist
(Figure 4) to enter the office where the interviewer is present. The current interview simulation
lasts about 12 to 15 minutes and is structured in four categories similar to the in-person mock
interviews described by Baur et al. [7]: Greetings (e.g., “Good morning!”), Technical questions and
answers (QA) (e.g., work experience and skill set), Education QA (e.g., favorite subjects in school),
and Personal QA (e.g., behavior-based questions regarding specific work experiences). The inter-
viewee is given a chance to answer through spoken words and the sentiment associated with the
interviewee’s utterance (whether positive or negative) or the type of response (e.g., a number such
as “40 hours”) determines to which parts of the technical questions the CMS will move next. For
example, if the interviewer avatar asks, “Will you be comfortable coding for 30 hours a week?” and
the interviewee responds with “yes,” which is a positive sentiment labelled by the Microsoft Azure
Text Analytics API, the interview transitions to the next appropriate dialog. On the other hand,
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Fig. 3. CIRVR’s virtual environment features a reception area and office in which interviews take place (left)
and a virtual “whiteboard” for problem-solving tasks (right).

Fig. 4. When the interviewer is ready to begin the interview, the receptionist gestures for the interviewee to
enter the office area.

if the response is negative, then the interview may continue to another dialog (see Appendix A.2
for an example). The Education portion of the interview focuses on the interviewee’s education,
including favorite subjects and academic performance. Interviews often contain specific tests of
domain knowledge [40] involving a whiteboard test or paper and pencil to illustrate (diagram) a
response. To simulate that in a virtual environment, a set of multiple-choice questions with or with-
out images has been included in the Technical QA and in the Education QA sections in the form of
a virtual whiteboard test. Finally, the Personal QA section of the interview is focused on behavioral
questions such as asking about the interviewee’s reaction to a difficult work situation (e.g., con-
flict) and the individual’s ideal work environment. At the end of the interview, the interviewee can
ask basic questions about the job, such as salary, the work environment, the number of vacation
days, and so on. The Dashboard is intended for post-interview use, in which the job coach, career
counselor, or a potential employer can view data gathered during an interview session through
visualization tools, whose details are discussed in Section 2.4. For our current feasibility study, we
used a single interview script based on one job domain. In future work, we will be adding more
interview content for different types of jobs.

2.3 The Virtual Environment

A virtual office environment was created to mimic a real-world interview setting, including a re-
ception area where an interviewee waits for the interview to begin and an office area in which
interviews takes place (see Figure 3). The environment was created using the Unity 3D Game
Engine (version 2019.3) [82] with a combination of purchased and custom-built elements, such as
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Fig. 5. During interviews, the interviewer avatar features a variety of facial expressions, lip movements, and
deictic hand gestures; (a) nominative-deictic, (b) person-deictic, (c) self-deictic, and (d) time-deictic.

models of virtual characters and objects (e.g., furniture), and textures of visual details (e.g., wood,
carpet, glass) for an office setting. The current environment has two characters, or avatars: a re-
ceptionist and a virtual interviewer. The selection of the avatar models was based on their ability
to vary demographic characteristics, including hair, eye, and skin color, as well as hairstyle and
clothing (Figure 5). We created animations for the characters to perform certain facial expressions
and gestures, and movements that were both relevant to the job interview and would add a high
degree of realism to the simulated experience.
To enhance naturalism, the interviewer avatar performs both random and idle animations, such

as blinking and making eye movements [77] with slight head movements, and contextually rel-
evant animations, such as lip movements along with socially directed gestures [75]. In real life,
people tend to use hand movements during communication to convey a specific meaning [90].
For example, Figure 4 shows a receptionist gesturing towards the office area to direct the intervie-
wee to enter. The type of gestures used in CIRVR are called deictic gestures, which are triggered
based on specific words (i.e., deictic words) spoken by the avatar [36]. Figure 5 shows examples
from each of the four categories of deictic gestures we have used for the avatar: (a) nominative
(Figure 5(a)), (b) specific or general person (Figure 5(b)), (c) specific or general self (Figure 5(c)),
and (d) past/present or time (Figure 5(d)). Based on this concept of deictic gestures linked to deic-
tic words by Kendon [42], we have programmed the avatar to perform certain gestures based on
deictic words that are in the interviewer’s dialogue from these four categories. For example, if the
avatar asks a question such as “tell me about your work experience,” the word your will be consid-
ered a deictic word and the gesture in Figure 5(b) will be triggered. Words used in the nominative
category were chosen based on the content of the interview. For example, our current interview
script includes questions about the interviewee’s experience with certain tools (e.g., programming
languages) and words such as Java, Python, C, and C++ were labelled as nominative deictic words.
For the other three categories, the words chosen were different pronouns: him, her, they for gen-
eral person, and you, let’s for specific person; I’m, my, mine for specific self, and we, ours, us, for
specific general; and before, after for past/present deictic.

2.4 The Dashboard

In an effort to effectively summarize the data captured by CIRVR, we developed a tool for visualiza-
tion of the captured data, which we call the CIRVR Dashboard. The Dashboard currently displays
three categories of data visualizations: (1) graphs of emotional valence, eye-gaze graph, and real-
time stress, where emotional valence is obtained from facial expression data, stress is inferred
from physiological data, and gaze from eye-gaze data; (2) a scatter plot of the interviewee’s eye
gaze on a fixed perspective of the interviewer and the environment, to visualize and understand the
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Fig. 6. The Dashboard: (a) valence plot, (b) eye-gaze plot, (c) stress plot, (d) participant (interviewee) details,
(e) eye-gaze data, and (f) conversation log.

interviewee’s focus areas throughout the interview; and (3) the sequence of dialogues between the
interviewee and the virtual interviewer, presented as a chat log. Figure 6 displays an example of
the prototype Dashboard. The “valence graph” shown in Figure 6(a) is a visualization of the data
collected using the Azure Face API. The Face API processes an image of a face and returns a set
of probabilities associated with a particular facial emotional expression from the eight emotions —
joy, surprise, fear, anger, disgust, contempt, neutral, and sadness — which are regarded as univer-
sally recognized expressions [12, 25]. A detailed discussion on emotion recognition is presented
in Section 3.3. The eye gaze graph shown in Figure 6(b) is another visualization of the propor-
tion of time that the interviewee looks at the objects in the virtual environment that are regarded
as explicitly task relevant (e.g., the interviewer, the whiteboard) relative to other objects in the
environment (e.g., furniture, windows, etc.). The purpose of this visualization is to quantitatively
measure and understand gaze patterns of the individuals who use this system. The stress graph
shown in Figure 6(c) is a plot of stress data inferred from the physiological data recorded every 5
seconds from the E4 wristband (a detailed description of the stress detection module is presented
in Section 3.1). Each of the three graphs in Figure 6 features an overlay of vertical markers, indi-
cated by white and red lines representing specific events that occur during the interview, such as
the exact moment that each question is asked by the avatar.

3 HUMAN BEHAVIOR MEASUREMENT

Amajor aspect of this novel platform is its capacity to measure, interpret, and respond to real-time
human signals (i.e., measurements collected from the interviewee through sensors). In the current
work, we have incorporated several human behavior measurement modalities: (a) physiological
signal measurement to predict high or low stress, (b) eye gaze measurement to infer visual gaze
patterns, and (c) facial image capture to measure head orientation and to predict emotional ex-
pression. These modalities were selected for their potential insight into important elements of the
human–computer interaction, such as eye gaze, mental workload, and emotional states [46], all of
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Fig. 7. The interviewer avatar as seen from the perspective of the interviewee (left); visualization of eye-gaze
data overlaid onto the first-person perspective (middle); visualization of real-time stress measures that are
captured using the Empatica E4 wristband sensor (right).

Fig. 8. Real-time physiology-based stress detection and gaze data acquisition modules.

which are relevant in the context of a face-to-face job interview. Once CIRVR is deployed in the
target population, these measurements will facilitate a greater understanding of the state of the
interviewee as well as how the interviewee interacts with CIRVR and with the interviewer. The
details of each of these measurement modalities are given in the following sub-sections.

3.1 Physiology-Based Stress Detection

We endow the virtual interviewer with the capacity to “empathize” with the interviewee by means
of affective computing [60]. In this work, physiological responses were used to detect the stress
level of participants. Literature has shown that affective states, including stress, can be derived
from physiological responses [37, 64]. Physiological responses have several advantages over other
modalities such as facial expression, body gesture, and voice. For example, physiological responses
come from the Autonomous Nervous System (ANS) and are, thus, generally involuntary responses
reflecting the true state of the participant [10]. This is particularly beneficial for the current work
because autistic individuals often show atypical social behavior in the form of facial expressions,
gaze, and body gestures [1].
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3.1.1 Data Collection. To build a stress detection model for CIRVR, we conducted a study with
NT adults to collect labelled data for training. This research was approved by the Institutional
Review Board (IRB) of the institution where this work was performed. Specifically, we designed a
task based on the Modified Computerized Paces Auditory Serial Addition Test (PASAT-C) [47] to
elicit mild stress among participants.

3.1.2 Feature Extraction. We collected blood volume pulse (BVP) and electrodermal activity
(EDA) using the E4 wristband by Empatica Inc. [27]. The sampling rates for BVP and EDA were
64 Hz and 4 Hz, respectively. These two signals have strong correlations with one’s stress level
[18, 58, 63]. Ten adults volunteered to participate in this stress elicitation study. Data from level
1 of the stress task were labeled as “low stress” and the data from level 3 were labelled as “high
stress.” The data were preprocessed and segmented into 1-minute samples. Next, several features —
heart rate, heart rate variability, and skin conductance response rate —were extracted from these
data segments. Previous studies have demonstrated that these features are reliable indicators of
emotional states, including stress [44, 58, 63, 84].

3.1.3 Model Training and Testing. After feature extraction, a binary stress detection model was
built using the Random Forest algorithm, which has been shown to be an effective algorithm for
this application in our previous work [11]. In order to ensure the generalizability of the model, the
leave-one-subject-out cross-validation method was used to determine the optimal hyperparame-
ters [9]. The overall accuracy for this model was 84%, which is on par with the state-of-the-art
results in the field [79]. Finally, the stress detection module was deployed to the cloud through the
Azure Machine Learning service. From CIRVR, (i.e., the Unity application), the model is called as
a web service once per minute and the model outputs the current stress level of the participant
(Figure 8). Figure 7(c) displays real-time logging of signals from the E4 sensor. The first two graphs
represent two physiological signals — galvanic skin response (GSR) and the photoplethysmogram
(PPG). GSR provides a measure of the resistance of the skin and the PPG measures the blood vol-
ume in a participant’s wrist. From these two signals, the stress level is computed using the Random
Forest algorithm and the stress graph is generated (third from the top in Figure 7(c)).

3.2 Eye-Gaze Detection

Eye-gaze data have been shown to provide direct insight into the interviewee’s visual patterns
and mental workload and are typically interpreted based on metrics such as fixations, saccades,
and smooth pursuits [46]. In CIRVR, eye-gaze data are continuously collected throughout the in-
terview in Unity (Figure 8) via the Tobii Eye Tracking Software Development Kit on Unity [76].
CIRVR currently supports two eye trackers — the Tobii EyeX (60 Hz) and the Tobii 4C (90 Hz) —
that boast high accuracy and small form factors [83], and Tobii eye trackers have been bench-
marked in previous technologies for autistic children and individuals [52, 65]. The coordinates
of the interviewee’s focus position are detected and recorded to a comma-separated value (CSV)
file with a timestamp so that gaze data can be cross-referenced with key events such as the start
and end times of the individual interview questions. Figure 6(e) in Section 2.4 shows a feature of
CIRVR that visualizes this gaze data by plotting the gaze points onto the coordinate frame or view
seen during the interview that can be interpreted as a plot with an x-axis and y-axis on which
(x, y) gaze coordinates are marked. Salient regions of interest (ROI) are drawn onto this coordinate
frame and the resulting plot can be used to determine how many points fall within specific ROI, a
visualization method discussed in [13]. These ROI currently include areas such as the interviewer’s
face and eyes to determine levels of eye contact and focus on the interviewer that were achieved
during the interview. Figure 7(b) shows an upgraded version of this visualization that is part of
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our Dashboard web application. It highlights the ROI in the form of a heat map created using Nivo
[56], a web application library for data visualization.

3.3 Facial Image Capture–Based Emotion Detection and Head Orientation

A wide variety of measures can be collected from images taken of the face. Facial expressions
can reveal neutral affect as well as emotions such as joy, surprise, fear, anger, disgust, contempt,
neutral and sadness [12, 25], as mentioned in Section 2.4. For every image, the facial expressions
or emotions have a value between 0 and 1 returned by the Face API, representing the probability.
These probability values are then assigned a positive (>0), negative (<0), or neutral (=0) emotion
value, from which the weighted sum is presented as a time series signal on the Dashboard. Other
measures that can be inferred from facial images include head orientation (i.e., roll, pitch, and yaw
angles of the head) and demographic information such as age and gender. In the current work, we
used facial image capture for facial emotional expression, head orientation, and demographics.
Facial image capture is performed using a Logitech C920 HD Pro web camera at a sampling rate

of once every 5.5 seconds, although this parameter can be adjusted as needed. When an image is
captured, the Face API is called from within the Unity application and the metrics — eight emo-
tional expression probabilities, gender, the presence of glasses, and the head pose, including pitch,
yaw, and roll — are returned by the Face API as a JSON-encoded object. A CSV file is produced,
which includes the returned metrics as row entries in a time series log. In future work, this time
series data can be analyzed either online or offline to infer meaningful changes in the state of the
interviewee during the course of the interview.
Note that although CIRVR is endowed with the capability of facial expression recognition, the

exactness of recognition will be dependent on training datasets that include images of autistic
individual’s faces. Currently, Azure training datasets are not trained with those images; thus, the
detected facial expressions should be treated with caution.

4 CONVERSATION MANAGEMENT SYSTEM

In order to have more flexibility in terms of content development, maintenance, and future expan-
sion of CIRVR,we needed to create a “bidirectional” chatbot that would initiate interview questions
and get responses and, at the same time, would allow an interviewee to interrupt the bot at any
time. Thus, we created our own CMS that would allow us the flexibility to add interview content
from different domains for a variety of job types and that would allow the interviewee to ask the
interviewer questions, as well. The design of the CMS is adapted from a task-oriented spoken di-
alogue system [41]. For programming the CMS, we used a mediator design pattern [32], a type
of object-oriented software design that allows objects to communicate with one another without
having to know the details of each other’s implementations. This approach to object-oriented soft-
ware development reduces the complexity ofmaintaining and extending code, which is ideal for the
purpose of ongoing development and expansion of each component independently. The basic com-
ponents of a dialogue management system are (a) speech recognition, (b) language understanding,
(c) dialogue state tracking, (d) dialog policy determination, (e) natural language generation, and
(f) text-to-speech conversion [41].

Figure 9 illustrates the two parts of the system. The Conversation Manager incorporates the
aforementioned components and the Conversation Context contains the Dialog class, which incor-
porates a single verbal exchange between the interviewer and the interviewee from the interview
script (see Section 4.6), and the UserState, which tracks the physiological information such as the
stress level and the emotion analysis, which will be used in future work for dialog state changes as
an additional feature to enhance the real-time closed-loop interaction. Both parts work together
in the order (a) to (f) to form the dialogue system.
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Fig. 9. The major elements of the Conversation Management System include the Conversation Manager
and Conversation Context, which includes a Dialog Set (a collection of Dialog objects that represent a semi-
scripted interview) and aUserState (a collection of attributes about the interviewee, including verbal response
values and physiological state measures).

4.1 Speech Recognition, Dialog State Tracking, and Language

When the interviewee sits across from the interviewer in the virtual office, the CMS initiates the
first Dialog object (Figure 9) that contains information from the interview script in JavaScript
Object Notation (JSON). This dialog text is converted from text to speech using Azure’s Text-to-
Speech service and is spoken by the interviewer avatar. The interviewee is given a chance to
respond as desired; the spoken response is then transcribed into text by Azure’s Speech-to-Text
service. This text is then sent for analysis by Azure’s Language Understanding (LUIS) and Text
Analytics services. LUIS classifies parsed text as intents (i.e., interviewee-initiated requests, such
asking the interviewer to repeat a question) and entities (i.e., discrete keywords or values) [45].
Together, entities and intents are used to construct a shallow, semantically meaningful represen-
tation of the interviewer’s utterance. The Text Analytics service performs sentiment analysis, key
phrase extraction, language detection, and named entity recognition on a document of text. Our
CMS relies on sentiment analysis and entity recognition to capture data that is relevant in directing
the flow of the conversation. For each interviewee response, Azure’s Sentiment Analysis returns
sentiment scores between 0 and 1 (close to 0 is negative and close to 1 is positive) and labels (such
as “positive,” “negative,” or “neutral”). From this information, the CMS gauges “yes” or “no” re-
sponses if scores and the label imply positive or negative, respectively. Entity recognition is used
to identify entities from the interviewee’s response, for example, programming languages such as
C# or Java. All interviewer and interviewee exchanges are logged in a CSV file.
From the current Dialog object (see example in Figure 9), based on the interviewee’s response,

the next dialog identification string is returned to the Conversation Context, and the next question
content is sent to the Conversation Manager, which is then spoken by the virtual avatar, and
the flow continues. The UserState class in the Conversation Context is responsible for keeping
track of the important attributes of the interviewee, including the stress level, emotions based on
facial expressions, gaze pattern, and information about the interviewee such as the individual’s
name and stored entities from previous responses (e.g., key words about the interviewee’s skillset).
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Upon receiving results from LUIS and Text Analytics, the UserState is updated along with any
information gathered from the conversation transcript (e.g., length of utterance), any entities or
intents, and the predicted text sentiment. The Interviewer Bot class then generates a response
in text by passing the interviewee’s last response through a series of filters to extract relevant
information that needs to replace the placeholders in the text, which is then converted to speech
using Azure’s Text-to-Speech converter. The filters and their purpose are discussed in detail in the
next subsection.

4.2 Filters for Dialog Transition

To determine the next interview dialog or dialog policy, CIRVR employs three filters to process the
interviewee’s responses: the intent filter, sentiment filter, and number filter. The intent filter checks
to see whether the interviewee utterance contains registered intents such as “skip this question,”
“exit the interview,” and “please speak up.” If the checks are affirmative, the interviewer reacts
with the associated predefined action for those intents. Whether the number or the sentiment
filter is applied to the interviewee’s response is determined by a predefined attribute in the Dialog
object that specifies the type of expected responses. If an expected response has a number, then
the number filter is applied where the value is checked against a threshold that determines the
next response (e.g., an expected response could be “30 hours of work per week” in response to a
question, “How many hours of coding per week will be okay for you?”). On the other hand, if the
expected response is in text, then the sentiment filter is applied whose output determines the next
dialog; the sentiment score is used to gauge positive or negative (e.g., “yes” or “no”) responses (see
Appendix A.2). For feasibility testing, the threshold values for the number filter are hard-coded in
the system, which will be modified in future work to be flexible to accommodate interview content
of different domains. In the case inwhich the system is unable to understand the interviewee (either
the interviewee did not speak or expected information was not detected (via entities extracted), the
interviewer says “I’m sorry, I don’t understand” and repeats the question at most three times before
moving on to the next question.

4.3 Interruptions

Another feature of CIRVR includes the addition of interruptions during the interview. Interrup-
tions are often linked to physical stress, emotional exhaustion, and anxiety [48]. Although there
are several ways to interrupt an interview, CIRVR implements interruptions where the unembod-
ied voice of the receptionist is heard after a “knock on the door” sound. The receptionist informs
the interviewer of something that halts the interview for approximately 10 seconds. This type of
interruption is an intrusion, which requires disengagement from a current task before engaging
with another [29]. An intrusion is intended to indirectly interrupt the user and disrupt the user’s
thought processes or sense of what can be expected during the interview. Such intrusions can be
especially difficult for autistic individuals since they often require longer time to process informa-
tion [36, 80].

4.4 Customizable Vocal and Facial Characteristics of the Interviewer

A feature that contributes to CIRVR’s closed-loop interaction is the adjustment of facial expres-
sions and vocal tone of the avatar. We developed a range of vocal tones, such as cheerful, formal,
and neutral, using Speech Synthesis Markup Language (SSML) to make the avatar sound as human
as possible [81]. These vocal tone variations are based on specific SSML configurations that are
predefined using the neural voice option in Azure’s SSML implementation by adjusting acoustic
parameters such as pitch, volume, rate, and prosody. Each parameter impacts both the sound of
the avatar’s voice and the experience of the user. For example, if the speaking rate of the avatar is

ACM Transactions on Accessible Computing, Vol. 15, No. 1, Article 2. Publication date: February 2022.



Career Interview Readiness in Virtual Reality (CIRVR) 2:17

Fig. 10. Structure of the response generator for the bidirectional questioning using a sample example.

increased, that is, the avatar talks quickly, it might make it challenging for the autistic interviewee,
who may need to hear the question repeated.

In addition to the vocal characteristics, facial animation has been used to achieve limited real-
ism in conversation. The interviewer avatar model has facial animation blend shapes, which are
essentially predefined poses for the mouth region that can be iterated to give the illusion of anima-
tion for the mouth region. Specifically, there are three different blend shapes: one that affects the
intensity of an open-mouth smile, one that affects how open the mouth is, and another that affects
the intensity of a closed-mouth smile. They allow changes in the facial expressions throughout the
interview during times of low, medium, or high stress.

4.5 The Bidirectional Component of the Interview

As discussed earlier, our intention was to allow interviewees to ask about the job, the salary, or
about the company where they are interviewing, as in a real-world interview [30], and provide
flexibility to a developer or job coach to modify these questions and corresponding answers while
including interview content for another job domain. Figure 10 illustrates how this component is
implemented. A set of question-answer pairs are defined in a sequential format in a text file that is
stored in the Unity application directory where it is read in the event of an interviewee-initiated
question. The program to generate a response to the question is written in Python and stored as
an Azure Function to which an API call is made on the Unity side that sends the contents of the
text file and the user input to the Azure service. The process from user input to final answer is
described as follows. The Python program reads the question-answer pairs from the text file and
stores them in a Python dictionary or associative-array as key-value pairs. For each key-value pair,
the key (question) is processed using tools from Python’s Natural Language Toolkit (NLTK) [49].
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The NLTK provides a tokenizer that is used to split the sentence into a list of words and punctu-
ation. After tokenization, stop words, or commonly used words — such as “the,” “an,” and “a” —
are removed from the list of tokens. After this step, only keywords remain in the list. The NLTK
provides a WordNet [28] lemmatizer that uses vocabulary and morphological analysis to reduce
a word to its base form, such as converting plural to singular (e.g., “studies” becomes “study”).
After lemmatization, synonyms are extracted from WordNet for each word in the list and stored
in another. This list of synonyms of all of the keywords replaces the key in the dictionary and
each key-value pair is now composed of the list of synonyms of relevant keywords along with
the corresponding answer as the value. The user input question is processed in the same manner
using the four steps outlined earlier and the final input sentence is a list of synonyms of keywords
extracted from the input. This list is compared with each key (i.e., the synonym list) in the dic-
tionary and a similarity score is computed using the cosine similarity algorithm [35]. Finally, the
key that is similar to the user input is assigned the maximum similarity score. The corresponding
value (answer) of this key is sent back to the Unity application, which is converted to speech and
is output via the avatar. If there is no similar question to the user input, then a general response is
returned such as “Sorry, I don’t have an answer to that.”
A machine-learning approach for this type of response generation would have required a large

dataset for training and testing of a model. Our approach allows a potential interview content cre-
ator the flexibility to alter and add questions in the text file for different interview contexts. It does
not matter what the interview domain might be, as the approach relies on a similarity score for
the output. This implementation is an initial version of this bidirectional conversation component.
In some cases, depending on how the interviewee worded the question, there could be ambiguity,
possibly due to overlapping words in between questions in the text file, which could lead to in-
correct output. In future enhancement of this implementation, it might be useful to incorporate
parts-of-speech tags and/or word embeddings such as Glove [59] along with keyword extraction
to calculate the cosine similarity score that considers context.

4.6 Interview Script Design

Another key objective in the design of the CMS, and the CIRVR platform more generally, was
the inclusion of support for customizable interview content, enabling content creators to define
as much of the interview structure and data capture as possible. To this end, we used JSON to
create interview scripts based on a simple file format. These files are loaded into the CMS before
the interview begins. Each dialog or Dialog object in the script contains a set of attributes that
include the question, the response timeout variable, alternate versions of the question, criteria for
advancing to the next dialog, and a set of dynamic and static parameters to be inserted into the
question text where appropriate (Figure 10).
To provide a starting point for the development of CIRVR’s CMS and interview design, we chose

to draft an interview script for a very specific job — a software developer for a video game com-
pany — to serve as a guiding template throughout development and feasibility testing. This initial
choice was based on the fact that technology-related jobs such as this are often sought by autis-
tic individuals, who quite often have a strong affinity for technology [54]. The general approach
to designing the interview structure was based on the literature describing a basic progression
through topics covering work experience, educational background, and behavioral information
followed by an opportunity for the interviewee to ask questions as described in [81]. Aiming to
create an interview lasting approximately 15 minutes, we created a script containing over 50 dialog
exchanges. Appendix A.1 shows two examples of interviewee-interviewer exchanges showcasing
two different kinds of entity recognition used by CIRVR.
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5 FEASIBILITY STUDY

Seventeen participants, both autistic and NT, were recruited for a study of feasibility of the proto-
type job interview simulation system. It is to be noted that the scope of this study was to assess
whether CIRVR was acceptable to users and functioned as designed. Feasibility was operational-
ized as the successful capture of multimodal data (i.e., speech, gaze, physiology, and facial expres-
sions), and favorable levels of user-reported system usability and overall user experience. All study
procedures were conducted with approval from the IRB at the university where the research was
conducted, and informed consent was collected as applicable for all participants. The only inclu-
sion criterion for this study was age eligibility for full-time employment in the state where this
research was conducted (16+ years). Each of 9 autistic individuals (mean age = 22.11; SD = 9.10)
and 8 NT individuals (mean age = 23.00; SD = 6.68) participated in a single session. All autistic
participants had a clinical diagnosis of ASD from licensed clinical psychologists based upon DSM-

5 criteria. Each session lasted approximately 1 hour from the moment participants arrived at the
research facilities. The session consisted of informed consent/assent, sensor calibration, the virtual
interview, post-interview survey items, and a discussion between the researcher and participants
regarding user experience and qualitative feedback. Possible adverse effects of the study include
the possibility that participants might experience increased anxiety given the nature of the tasks
(i.e., conversing with a virtual interviewer) and that wearing the sensor and microphone headset
may also cause some level of discomfort. No other adverse events were expected. One autistic
participant requested to end the virtual interview portion of the study early due to reported dis-
comfort during the simulation, but still wished to take part in the post-interview components of
the session. No specific reason was given by the participant to explain the discomfort and the
general response was “I don’t know.”
Given the small sample size, non-parametric statistical analyses were applied to the gathered

feedback using the biostatistical analysis software MedCalc, version 19.3.1 [66]. Inferential tests
were conducted using independent sample Mann-Whitney U tests and effect sizes were estimated
using Cohen’s d. Statistical significance was benchmarked based on a critical alpha of .05 and effect
sizes were interpreted based on widely used benchmarks in the literature [26]. Based on a Mann-
Whitney U test, participant age did not differ significantly between ASD (median = 18 years) and
NT participants (median = 22 years; U = 30.5, p = .592, Cohen’s d = 0.11). Table 1 gives a detailed
comparison of both groups across a number of variables.
Regarding the feasibility of multimodal data capture, data were successfully captured for all par-

ticipants across all channels except in two cases in which both real-time stress and gaze data were
lost due to recording errors. Fortunately, these issues were detected at the beginning of the study;
after being addressed, no further data were lost. All speech transcripts were successfully captured
in log files that contained the sequence of dialogs between the interviewer and the interviewee.
For all participants, the virtual interviews were completed with all dialogs delivered successfully.
CIRVR uses an event-logging system that records information about the interviewee’s vocaliza-
tions. Preliminary testing demonstrated that CIRVR successfully captured interviewee’s vocaliza-
tion data, which included a transcript of the speech, intent type, detected entities, pause length,
and response length. Facial image capture was achieved at a rate of one image taken every 5.5 sec-
onds, which was sufficiently fast for the purposes of this feasibility evaluation. As previously noted
in Section 3.3, this frequency can be adjusted based on research objectives. Finally, physiological
and gaze data were successfully captured at frequencies specified by the manufacturers, with no
data lost apart from the aforementioned instances. Further evaluation was conducted on the CMS.
The first author, in the presence of a behavioral analyst, analyzed the interview log files of autis-
tic participants to evaluate how well the CMS was able to understand interviewee responses and
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Table 1. Group Comparison Across Variables

Independent Variable Participants

ASD (N = 9) NT (N = 8)
M (SD) M (SD)

Participant age 22.11 (9.10) 23.00 (6.68)
System Usability Scale (SUS) Composite Score2 53.61 (17.24) 76.25 (15.00)
Item 13: I think that I would like to use this system frequently 2.56 (1.13) 3.25 (1.16)
Item 2: I found the system unnecessarily complex 3.00 (1.41) 1.88 (1.46)
Item 3: I thought the system was easy to use 3.56 (1.33) 4.50 (1.07)
Item 4: I think that I would need the support of a technical person

to be able to use this system

3.11 (1.17) 2.88 (1.25)

Item 5: I found the various functions in this system were well

integrated

3.22 (1.09) 4.38 (0.74)

Item 6: I thought there was too much inconsistency in the system 2.67 (1.32) 1.88 (0.83)
Item 7: I would imagine that most people would learn to use this

system very quickly

3.44 (1.13) 4.63 (0.74)

Item 8: I found the system very cumbersome to use 3.33 (1.12) 2.13 (1.13)
Item 9: I felt very confident using the system 3.00 (1.22) 3.75 (1.04)
Item 10: I needed to learn a lot of things before going with this

system

2.22 (1.20) 1.25 (0.46)

Self-reported level of comfort during the interview4 3.00 (1.31) 3.88 (0.99)
Self-reported level of confidence during the interview 3.00 (1.07) 3.75 (1.28)

2For the computation of the SUS composite score, see [15].
3All individual SUS items were scored on a 5-point Likert scale (1 = strongly disagree, 5 = strongly agree) [5].
4Self-reported comfort and confidence levels were scored on a 5-point Likert scale (1 = “very uncomfortable/very low

confidence, 5 = very comfortable/very high confidence).

transition from question to question, accordingly. It was found that the CMS was able to under-
stand the interviewee responses 93% of the time. The stress values received from the autistic par-
ticipants during the study were labelled by a trained expert to form the ground truth dataset. The
Random Forest Model accuracy for stress detection was 84.5%.
Following each virtual interview, participants completed two short surveys and then spoke with

the researchers about their experiences using the system. The first surveywas the SystemUsability
Scale (SUS; see Table 1 for details). The SUS is awidely usedmeasure that relates to both technology
acceptance and usability and is scored on a 100-point scale [15]. Participants were asked to care-
fully read each of the SUS prompts before providing responses. Participants were also free to ask
clarifying questions about the instrument as needed. The second survey was a researcher-defined
pair of questions relating to self-reported comfort and confidence based on a 5-point Likert scale in
which 1 indicates very low comfort/confidence and 5 indicates very high comfort/confidence. As
with the SUS, participants were free to ask clarifying questions before providing responses to the
prompts. Following each session, the researchers entered the captured survey data into a primary
spreadsheet — accessible only to key study personnel — for offline processing.
A Mann-Whitney U test revealed that ASD participants reported significantly lower overall per-

ceived usability of the system (median SUS = 57.5) in comparison with NT participants (median
SUS = 77.5) with U = 9.5, p = .011, Cohen’s d = 1.40. An empirical analysis by Bangor et al. [5]
provides benchmarks for contextualizing and interpreting the SUS scores. Based on these bench-
marks, autistic individuals and NT individuals regarded system usability as “Okay” and “Good,”
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respectively. This disparity in perceived usability is consistent with our past work (e.g., [86]) and
may be emblematic of greater levels of experienced stress by autistic individuals during the virtual
interviews.
A Mann-Whitney U test showed ASD participants’ self-reported comfort during the virtual in-

terview (median = 3), in comparison with NT participants (median = 4), was nominally lower with
medium effect size (U = 19.00, p = .157, Cohen’s d = 0.75). Similarly, ASD participants’ self-reported
confidence in their performance during the virtual interview (median = 3), in comparison with
NT participants (median = 4), was nominally lower with medium effect size (U = 18.50, p = .145,
Cohen’s d = 0.64). As described in [36, 57, 62], there exist differences in comfort regarding social
interaction that are characteristic of autistic individuals [1]. Maras et al. [51] conducted a study to
compare the performance of autistic versus NT individuals in two types of mock interview scenar-
ios in which one phase of the study included a conventional employment interview and another
was based on an adapted version of the initial interview questions based on feedback from employ-
ers as well as interviewees. They found a similar difference in the first phase of the study in which
autistic individuals reported more difficulty than their NT peers in communication challenges as
well as cognitive difficulties such as processing questions and recalling a specific memory. The
lower scores in levels of comfort and confidence from our study suggest the need for more prac-
tice opportunities to familiarize autistic job candidates with real interview questions and to gather
additional information about their communication abilities to not only help them understand and
improve their performance but also for potential employers to understand how they can help their
autistic job candidates by adapting interview strategies. For example, CIRVR allows users to repeat
a question if they find it unclear, and the repeated question can be worded differently than the first
for more clarity. This feature can help interviewees practice asking help from the interviewer in a
real-life interview scenario when they need a question reworded or clarified.
Following the surveys, participants engaged in a brief discussion with researchers about their

experience with the system, which allowed us to obtain qualitative feedback to contextualize the
survey responses. Among ASD participants, a commonly cited point of frustration was with the
interruption that takes place during the simulated interview (i.e., when the receptionist knocks on
the interviewer’s door to announce that a call is waiting for her). As described earlier, differences in
cognitive abilities, such as processing time and memory recollection, are characteristic of autistic
individuals and have been observed and reported in interviews that are not only job related [36, 57].
This feedback from the participants provides validation that the interruption feature is, in fact,
perceived as disruptive. We believe that CIRVR can be useful to autistic participants who may
seek to practice resilience to disruptive situations. Despite reporting frustrationwith this particular
aspect of the system, participants across both groups reported being satisfied and impressed with
CIRVR’s conversation management system and the whiteboard feature, noting that the structure
of the interview transitioned smoothly from one topic to the next. Participants also noted areas
in which the system could be improved in the future. For instance, some participants noted and
reported that the virtual interviewer’s voice was a bit “robotic” and one participant felt as though
she were “talking to Siri.” This feedback is valuable, as in future work we will address this by
adjusting voice characteristics of the interviewer avatar through SSML. Based on our cumulative
findings, however, we believe that CIRVR is functionally robust and ready for a larger evaluation
with the target population.

6 CONCLUSION

Presently, the under- and unemployment of autistic people is a major challenge. Research and
innovation aimed at addressing this challenge, such as our novel CIRVR platform, may offer
support to help this population enter the workforce. The VR-based platforms that we surveyed
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[7, 8, 16, 17, 22, 23, 68–71, 73, 78, 85, 88] were aimed at training individuals to perform better in
social interactions and demonstrated reliability in VR as a medium. The eye-gaze data can be visu-
ally represented for the employer to understand the candidate’s nonverbal response patterns. The
analysis of stress levels and emotion data during specific questions can give employers an under-
standing of participants’ emotional and mental states during different sections of the interview,
which, in turn, could support employers in altering and adapting their job interview process to
support the needs of autistic individuals. Our findings from this feasibility study demonstrated
the technical feasibility of the novel platform as well as preliminary evidence of acceptability with
participants, setting the stage for a large-scale evaluation of the system with the target population
in the future.
While implementation of the prototype technologywas a success, there are a few key limitations

of this work that must be addressed before CIRVR can be applied to addressing the employment
barriers faced by autistic individuals. First, while we demonstrated the usability and features of
CIRVR in the current study, the efficacy of the CIRVR prototype has not yet been demonstrated
and remains the most important next step. In our next study, we will be testing the feasibility of
our Dashboard with the interview system with employers, job coaches, and autistic participants.
We will then seek to demonstrate the efficacy of CIRVR by measuring any improvements in partic-
ipant stress levels and interview performance. Second, the validity of the physiology-based stress
detection module must be further tested as the work progresses due to the small dataset that was
used to train the predictivemodel. Also, this initial model was trained on data fromNT participants.
We plan to address this issue by incorporating data collected in the feasibility study to produce
a refined model that includes data collected from autistic participants. In addition, a web-based
Dashboard is currently under development that will include enhanced visualizations of the data
collected. We are currently developing a mechanism to utilize the metrics that are continuously
logged during each interview — stress, gaze patterns, and facial expressions — that would deter-
mine the transition of questions based on the interviewee’s state during the interview, such as
using the stress level to transition to a different set of questions. The stress-induced dialog tran-
sition will be implemented as a filter that will work in a manner similar to other filters discussed
in Section 4.2. If the user’s state attributes meet a specific criterion, for example, significantly ele-
vated stress, then the interviewer will be programmed to react appropriately to this information.
If the detected stress level is judged to be “high,” the interviewer will transition to a different set
of dialogs or questions that may be less stress inducing in the hope that the interviewee will calm
down and then return to the more challenging questions later. This will be part of CIRVR’s closed-
loop adaptivity in the future development of CIRVR. We believe that employers, job coaches, and
other professionals involved in supporting employment for autistic individuals could use the Dash-
board as a tool to gain insight into how autistic individuals feel during an interview as it can help
identify interview questions that cause increases in stress or frustration. It might help understand
that the nonconformity of members of this population to normative social behavior may not be
an indication of their lack of knowledge but rather due to differences or deficits in social inter-
action. A third limitation is the current lack of feedback provided by CIRVR to the interviewees.
Although we have incorporated a feedback mechanism within our software development, the ac-
tual content of the feedback needs to be carefully developed in consultation with job coaches when
more interaction data are available. CIRVR is still in its initial phases; more data from participants
will be collected that will include their responses to questions. The responses will be analyzed
by job coaches to help define measures of performance that will then be used to provide feed-
back to the interviewees and will be part of future work. Now that we have demonstrated the
feasibility of our system, another area of future work will be to begin the implementation of a cus-
tom content-authoring tool to facilitate the task of creating new content for a wide range of job
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interview scenarios beyond the software developer role examined in this research. Currently,
CIRVR can be deployed as a desktop application. However, we will be creating a web-based ver-
sion of CIRVR in future work to allow for accessibility and scalability of the system. This scalable
version will allow for deployment at vocational agencies for a longitudinal study on the efficacy
of CIRVR. Last, we would like to report that a limitation of the Face API performance of the Azure
Face API model on autistic individuals is not known. In order to evaluate that, we will need a
trained behavioral psychologist to annotate a subset of images, which is a time-consuming, costly,
and laborious process. Evaluation of the Azure facial emotion recognition model will be part of
future work.
Despite the limitations just discussed, we believe that CIRVR could potentially be an effective

job interview training platform for autistic individuals as well as the employers who are interested
in exploring and benefitting from the talents of these individuals. As mentioned in Section 1, the
development of CIRVR does not aim to ask autistic individuals to conform to the norm and behave
like their NT peers.With CIRVR, we aim to offer a virtual interview platform to autistic individuals
to practice and improve their interviewing skills. The unique features of CIRVR, along with the
metrics it generates, may impart insight and awareness to autistic individuals regarding their own
performance, provide more precise guidance for how job coaches can intervene and best support
them, and inform employers of ways that they may revise their assessments and methods (e.g.,
specific questions) to make their hiring process more inclusive.

A APPENDICES

A.1 Example Interviewee-Interviewer Exchanges

The following are two examples of exchanges between the interviewer and the interviewee that
shows the two types of entity recognition used by CIRVR. The first demonstrates binary input
from the user in terms of yes or no responses to yes or no types of questions. The second is an
example of numerical entity recognition.
Example Exchange 1 – Binary Input

(1) Interviewer: “Do you have any experience using a game engine such as Unity or Unreal?
And if so, which ones?”

(2) Interviewee - Affirmative (Negative): “Yes, I have experience with Unity.” (“I do not.”)
(3) Interviewer - Affirmative (Negative): “Excellent. How would you rate your skill with

Unity?” (“That’s okay. We can provide training in these tools.”)

[Exchange continues]
Example Exchange 2 – Numerical Input

(1) Interviewer - “How many hours per week on average do you spend writing code?”
(2) Interviewee - Above Threshold (Below Threshold): “40.” (“15.”)
(3) Interviewer - Above Threshold (Below Threshold): “40 hours per week is great.”

(“Would you be comfortable programming for at least 30 hours per week?”)

[Exchange continues]

A.2 Example of Dialog Flow

CIRVR’s dialog flow can be pictured as a directed graph with numbered nodes as shown in
Figure 11. Suppose that Node 1 represents the question “How many hours per week on average
do you normally spend entering data into spreadsheets?”. If the interviewee responds with “About
30 hours.”, Azure’s Language Understanding recognizes 30 as a built-in number type and a check
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Fig. 11. Directed graph for dialog flow.

is made with a pivot value of 30. Since 30 >= 30, the conversation management system moves on
to Node 3. If the number is <30, then the system moves on to Node 2. Suppose that the question
in Node 2 is “Will you be comfortable working with spreadsheets for at least 30 hours a week?”. If
the user responds with “yes. . . ”, Azure’s Text Analytics returns this utterance as having a positive
sentiment and the interview moves to Node 4. If a negative sentiment is returned, then the inter-
view moves to Node 5 and the interview proceeds as such. When there is no filter, the interviewer
receives the interviewee response and moves linearly from question to question (from Node 6 to
7, then to 8, and so forth).
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