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Figure 1: Left: ECA providing empathic feedback, demonstrating its understanding of a user’s bodyache. Right: Conventional

self-report on intensity of pain (from [37]).

ABSTRACT

Narrative accounts are the ultimate authoritative source for pain
assessment, and face-to-face encounters provide a rich context
in which nonverbal conversational behavior can be used to

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

ICMI °23 Companion, October 09-13, 2023, Paris, France

© 2023 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 979-8-4007-0321-8/23/10...$15.00
https://doi.org/10.1145/3610661.3617132

131

enrich the detail in these descriptions. Embodied Conversational
Agents—animated characters that simulate face-to-face conver-
sation—can provide a medium for automated pain assessment
in which multimodal pain narratives are elicited, clarified, and
grounded. These agents can also use facial displays and nonverbal
behavior to provide simulated empathic responses to help patients
feel understood. We describe work towards a conversational agent
that elicits various aspects of a pain experience, followed by an em-
pathic summary. Our preliminary findings indicate that individuals
are comfortable reporting their pain experiences to the agent, and
are largely satisfied with this assessment methodology. We also find
evidence that patients prefer the conversational empathic summary
to standard self-report measures.
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1 INTRODUCTION

Pain is a multi-dimensional, subjective phenomenon typically as-
sessed through self-report. However, the pain experience can be
very difficult to describe [38]. Even complex pain assessment pro-
tocols, such as the McGill Pain Questionnaire [26], can miss many
subtleties. This can lead to an incomplete picture of a patient’s
experience for consideration in clinical decision-making. Moreover,
an incomplete assessment can leave patients feeling unheard and
uncared for.

Although self-report measures are the clinical standard for pain
assessment, pain narratives have been considered the “gold stan-
dard” for describing pain experience [43]. Narratives have been
aligned with the International Association for the Study of Pain
(TASP) definition of pain as a personal, subjective, qualitative expe-
rience. They are also aligned with ethical principles of autonomy.
Relying exclusively on pain behavior, standardized self-report mea-
sures, or automated assessments can challenge patient authority
on their pain experience.

Studies of pain narratives delivered in face-to-face encounters
demonstrate that nonverbal behavior in general, and hand gestures
in particular, can play an essential role in descriptions of pain ex-
periences [20, 36-38]. One study found that 78% of the utterances
describing pain sensations were accompanied by representational
hand gestures and that 43% of these gestures contained complemen-
tary information that was not represented in the verbal channel
[37]. Thus, hand gestures can be used to describe aspects of pain
sensation that provide a fuller description of pain experience than
speech alone [36, 37]. Hand gestures can indicate the location of
pain, demonstrate the actions that cause pain, or describe the pain
sensation (e.g., banging, tickling, compression, jabbing) [37].

Another important factor in pain assessment is the social con-
text in which it occurs. There is substantial evidence that people
modulate their expression of pain depending on the social context,
in particular the receptivity and empathy of their interlocutor [12].
This is not just a communicative adaptation; the subjective experi-
ence of pain can change depending on the social context. Enabling
patients to describe their pain to a nonjudgmental and empathetic
listener—ideally, someone they have established trust and working
alliance with—can be crucial in obtaining detailed, unbiased reports.

Embodied Conversational Agents (ECAs) are animated charac-
ters that simulate face-to-face conversation using nonverbal con-
versational behaviors, such as hand gestures, gaze, posture shifts,
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and facial display, in synchrony with speech. ECAs can provide a
rich, intuitive interface that captures many of the affordances and
subtleties of human face-to-face interaction [10]. They have been
shown to be particularly effective for health communication with
patients with low health, reading, or computer literacy [7]. Given
their use of narrative and nonverbal conversational behavior, ECAs
could provide an ideal medium for eliciting and grounding pain nar-
ratives from patients. They can leverage their nonverbal behavior,
such as hand gestures, to mirror patient behavior to demonstrate
understanding of the patient’s narrative. They can use facial dis-
plays of concern to demonstrate empathy. They can also use social
and relational behavior (e.g., immediacy behavior, social chat, rap-
port building) to establish trust and working alliance with patients
[5] to provide the optimal social context for pain assessment.

In this paper, we describe preliminary work on an ECA that elicits
individual pain descriptions, along with a pilot feasibility study.
The agent first builds trust with a user, then interviews them about
different aspects of a past pain experience, and finally provides
a multi-modal report of its understanding along with simulated
empathy, paying particular attention to the use of hand gestures by
participants. We compare the empathic ECA feedback to a control
condition in which standard pain assessment forms are filled out for
the patient to assess impacts on satisfaction and perceived empathy.

2 RELATED WORK

In this section, we review relevant literature on two main topics of
our work: automated pain assessment and ECAs.

2.1 Automated Pain Assessment

Clinical research has enabled physicians to employ a diverse range
of methods, encompassing self-reports, qualitative experiences, and
non-verbal cues, to gain insights into patients’ pain levels [43].
Furthermore, leveraging recent advancements in deep learning
methods, researchers have made significant strides in automating
pain assessments. Gkikas et al’s systematic review underscores the
various techniques used in automated pain detection, spanning both
unimodal and multimodal approaches [18]. Notably, multimodal
pain assessment, which integrates different signals like physiolog-
ical and behavioral expressions, has proven particularly advanta-
geous, especially in challenging scenarios where verbal descriptions
are limited, such as in the case of infants [46]. A follow-up review
by Al-Eiden et al. highlights the diverse sensors employed in au-
tomated pain sensing, including vision-based systems (e.g., RGB
cameras), contact-based devices capturing physiological and respira-
tory data, and microphone-based systems for audio-recording [25].
Moreover, researchers have also successfully approximated stan-
dard self-reports using multimodal approaches, as demonstrated
in [24, 45]. Their model comprises a two-part framework: a multi-
task learning neural network for predicting multidimensional pain
scores, and an ensemble learning model for accurately estimating
Visual Analog Scale (VAS) ratings. These advancements collectively
contribute to automated pain assessment, with the potential to
augment clinical practices and improving patient care.
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2.2 Embodied Conversational Agents in Health
Care

Embodied Conversational Agents (‘ECAs") have proven to be partic-
ularly advantageous for health ECAs can increase users engagement
[44], trust [34], even in longitudinal settings [16]. These constructs
are vital for the medical field. Thus, ECAs are actively used in the
health care field for training medical personnel [42], for provid-
ing mental health therapies [35], or for providing healthy lifestyle
advice [17]. Additionally, researchers have also explored the de-
velopment of ECAs for preconception care counseling in young
women [4], medication adherence counseling for patients with
atrial fibrillation [21], anxiety management [31, 32], and exercise
promotion for geriatrics patients [48]. Moreover, ECAs that dis-
play relational skills such as empathy, have also been shown to
increase working alliance in automated health behavior change
interventions. For instance, Zhang et al., demonstrated that ECAs
can effectively play the role of a decision coach and facilitate shared
decision making between patients and clinicians, regarding pre-
natal testing for Down syndrome [47]. These systems show that
ECAs have been effective for the delivery of health care information
and decision support. Furthermore, ECAs have been found useful
in engaging low-literacy populations [6]. Given their use in self-
disclosure [30, 40], especially in sensitive topics, we are interested
in exploring the role of ECAs in the context of pain assessment.

3 PAIN ASSESSMENT AGENT PROTOTYPE

We developed a prototype ECA to interview individuals about a
past pain experience and provide an empathic summary in response.
The ECA system used in this study was developed in the Unity 3D
game engine. The 3D model of the agent was designed in Adobe
Fuse. We also developed the verbal and non-verbal behaviors of the
character in Autodesk Maya and Mixamo. These behaviors included
facial expressions, hand gestures, and different body posture ani-
mations. The facial expressions included visemes and facial action
unit blendshapes. Additionally, we used keyframe animation to
create different arm, hand, head, and body behaviors. The verbal
and non-verbal behaviors were created following existing literature
[15, 28]. In order to conduct a feasibility and acceptance test of
the ECA without fully developing a natural language understand-
ing capability, we used a Wizard of Oz control system, where the
agent’s dialogue is controlled by a human confederate through a
‘wizard’ interface. The agent speaks using a speech synthesizer,
and uses a range of nonverbal behavior, including facial display
of affect, communicative eyebrow movements, directional gazes,
and head nods, with most nonverbal behavior automatically gen-
erated using BEAT [11]. The conversation with the agent consists
of two phases: the assessment phase and the reflection phase. In
the assesment phase, the agent employs open-ended prompts to
encourage users to describe their pain experiences. Based on our
literature review, we identified key dimensions of pain, which the
agent systematically queried for each participant (Table 1) [37]. The
agent begins by prompting the user to describe their pain expe-
rience. Subsequently, the agent asks the user about the location,
intensity, onset, frequency, and associated feelings of the pain. To
elicit more open-ended responses, users are also asked to reflect
on the emotional and physical sensations they experienced when
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being interviewed about each of those dimensions of pain. In the
reflection phase, the agent reflects what it has learned from the
user back to them to ensure accurate understanding.

We hypothesized that providing empathic feedback via the agent
would enhance users’ feelings of being heard and their acceptance of
the agent system. To test this hypothesis, we designed two different
conditions for the reflection phase:

a) EMPATHIC feedback: In this condition, the agent conveys
empathy and understanding by summarizing the elicited pain infor-
mation to the user using speech and non-verbal behavior, including
gestures. For example, when the user describes a backache, the
agent points to its back to indicate the location and says, “I un-
derstand that you are experiencing a sharp pain in your back. Is
that correct?” This combination of verbal and non-verbal cues can
enhance the empathic response of the agent, as shown in Figure 1 -
Left.

b) REPORT feedback: In this condition (Figure 1 - Right), standard
self-report questionnaires, such as the Visual Analog Scale, are
displayed to the user with their pain information filled in.

By comparing these two reflection phase variants, we can evalu-
ate the impact of empathic feedback on user experience and accep-
tance of the ECA.

4 PILOT STUDY

We conducted a pilot study in order to evaluate the acceptance
and feasibility of an ECA to elicit multimodal pain descriptions
from users with a between-subjects manipulation of agent feedback
to compare the empathic ECA feedback to a control condition in
which standard pain assessment forms are filled out for the patient.

4.1 Methods

4.1.1 Recruitment. Participants were recruited via email lists and
online fliers. They were required to be 18 years or older, be a native
speaker of English, and have experienced an episode of pain within
the last two weeks. Our institution’s Ethics Review Board approved
the study. Participants were compensated for their time.

4.1.2  Study Protocol. Participants who confirmed their eligibility
via email communication were scheduled for a one-hour in-person
session at our lab for the study. They were randomly assigned to
either the EMPATHIC Feedback or REPORT Feedback conditions.
The session began with a brief study summary and obtaining verbal
consent from the participants. They then completed the baseline
measures described in section 4.1.3. Next, participants were in-
formed that they would engage in a 15-minute interaction with an
ECA, where they discussed their pain experiences through natural
speech. The research assistant observed and controlled the interac-
tion from an observation room using the Wizard of Oz protocol.

After the interaction, participants were asked to complete a final
set of questionnaires outlined in section 4.1.3. Additionally, semi-
structured interviews were conducted with each participant to gain
deeper insights into their experiences during the conversation with
the ECA. The interview transcripts were analyzed using thematic
analysis techniques. The total interview time across all participants
was approximately 40 minutes. Finally, participants received a de-
briefing about the system and the use of the wizard to control the
interaction.
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Dimension Example pain questions asked by ECA

OPEN Feel free to speak about the physical sensations, emotions, and thoughts con-
nected to your pain.

WHEN When did this happen to you?

WHERE Can you describe in detail where in your body you experienced the pain?

SENSATION How would you characterize the sensations you feel in that area?

INTENSITY On a scale of 1 to 10, with 1 being mild and 10 being the most severe, how
would you rate the intensity of the pain at its worst, at its average, and at the
moment?

IMPACT On a scale of 1 to 5, how has the pain affected your ability to perform certain
activities or engage in specific tasks?

FREQUENCY Within the last two weeks, how often did you experience pain?

PATTERN In addition to the frequency, have you noticed any particular patterns or varia-
tions in the pain episodes?

TRIGGER Are there certain times of day or specific situations that seem to trigger or
exacerbate the pain?

FEEL Is it sharp, dull, aching, burning, or do you feel any other sensation?

EMOTION Could you elaborate on how the specific qualities of the pain you described
affect your emotional state or overall well-being?

ONSET Does the pain come on suddenly or gradually? Have you noticed any changes
in the pain over time? For example, has it worsened, improved, or remained
stable?

OPEN-2 As we conclude this session, take a moment to reflect on your pain experiences
and how expressing them or speaking about it has influenced your understand-
ing or emotional well-being.

STATUS For example, has it worsened, improved, or remained stable?

REFLECT If you have any more thoughts or if there is anything else you would like to
share, please feel free to do so.

EMPATHY I want to make sure I understood you correctly, so let me reflect on what you
told me.

Table 1: Pain-related Dimensions and Sample Dialogs by the ECA

4.1.3 Measures. Participants completed several measures at var-
ious stages of the study. At baseline, a demographics question-
naire was administered along with an assessment of their baseline
health literacy levels using the REALM measure [14]. During the
interaction with the agent, we captured participants’ speech and
non-verbal behavior through a standard microphone and RGB cam-
era. Additionally, a Microsoft Kinect was used to capture 3D depth
data for motion analysis. Furthermore, their physiology (electro-
dermal activity and heart rate) was recorded using the Empatica E4
sensor. Following their interaction with the agent, participants com-
pleted the Working Alliance Inventory [19], the Active-Empathic
Listening Scale (AELS) [8], the Responsiveness of Other Scale [41],
the MSCEIT-Based Perceived EI Questionnaire [27], the Godspeed
Agent Attitude Questionnaires [1], and a Satisfaction/Usability
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Rating Questionnaire [3]. Additionally, participants provided self-
reports on their pain experiences using standard measures, includ-
ing PROMIS [2], the visual analog scale [23], the McGill Pain As-
sessment [29], and the Patient Health Questionnaire-8 (PHQ-8)
[22]. Finally, semi-structured interviews were conducted with par-
ticipants to obtain an overall understanding of their experience.
Interviews were recorded, transcribed, and analyzed using thematic
analysis techniques [9].

4.2 Results

4.2.1 Participants. A total of 9 participants (5 males, 4 females)
were recruited for this study. The participants had a mean age of
44 years, and 3 was categorized as having low literacy based on
the REALM measure. The participants in our study also reported
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Figure 2: An example of a user interacting with the ECA
system

that they have an average pain level of 6.0 out of 10 on the Visual
Analog Scale.

4.2.2  Quantitative Self-Report. Given the small sample size and
non-normality of distributions, we used non-parametric Mann-
Whitney U Tests to analyze the differences in perception of the
agent between participants in the two conditions. The descriptive
statistics are presented in Table 2.

The results revealed a significant effect, with participants in the
EMPATHIC Feedback condition reporting higher empathy ratings
of the agent on the Active Empathic Listening Scale compared to
participants in the REPORT Feedback condition (Z = -2.26, p =
.02). Similarly, participants in the EMPATHIC Feedback condition
reported significantly higher scores for the agent on the Likability
(Z=-2.37,p=.02) and Perceived Intelligence dimensions (Z = -2.20,
p = .03) of the Godspeed Agent Attitude Questionnaire compared
to those in the REPORT Feedback condition.

4.2.3 Qualitative Findings from Interviews. High-level themes
emerged from our interviews with the participant, which both cor-
roborated and contextualized our quantitative findings, and gave
design directions for future systems in this space. The participants
in our study perceived the agent as displaying empathy and sympa-
thy toward their feelings. They mentioned that the agent "seemed
pretty caring for a robot[agent]" [P1, EMPATHIC condition] and
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that she seemed sympathetic [P3, EMPATHIC]. They described the
naturalness of interaction as "like talking to a robot [agent], but a
robot[an agent] that was sort of modernized to be more human-like"
[P3, EMPATHIC]. Participants especially highlighted the agent’s
attentive listening behavior and mentioned that "I thought she lis-
tened to me, and, you know, she knew my name and everything" [P6,
EMPATHIC]. In addition, participants also expressed mixed views
on the agent’s understanding of their pain. The participants in the
REPORT condition expressed uncertainty about whether the agent
truly understood the pain experience or not. They expressed a pref-
erence for the agent to explicitly reiterate and acknowledge their
pain, whereas participants in the EMPATHIC Feedback Condition
felt that the agent understood their pain. For example, participants
in the REPORT Feedback condition reported that "She understood
it, but she didn’t really repeat it back to me." [P6, FORM] and that "I
didn’t get the responsive answers relevant to my particular scenario.
Those are so generic."[P5, EMPATHIC]. They also mentioned that the
“The way it was getting the points of me and summarizing it at the
end"[P9] made them like the agent. On the other hand, participants
in the EMPATHIC Feedback condition mentioned that the agent
understood their pain "very well" [P5, EMPATHIC] and that "She un-
derstood it. Because she said, on a scale of 1 to 10 what is your pain
level, and I said it was a 12, And she kept repeating that number to
me. So, she said it was a 12 for you." [P1, EMPATHIC]. This suggests
that the agent’s responses’ reflective nature could offer more util-
ity than the conventional standard of care reflection. Furthermore,
participants also perceived the agent as a potentially useful tool
for assessing and addressing their medical issues remotely, with-
out "getting up and going to make an appointment and everything"
[P5, EMPATHIC]. They appreciated the convenience of avoiding
physical appointments and the ability to communicate their con-
cerns effectively. Participants also expressed critiques, which could
serve as design guidelines for developing future systems. In par-
ticular, participants expressed a desire for more tailored questions
[P2, REPORT], responses [P6, EMPATHIC], and follow-up queries
[P7, CONTROL] that demonstrated a desire for deeper understand-
ing of their specific pain situations. This led to some participants
feeling that "it felt a bit artificial in terms of the interaction.” [P1,
EMPATHIC].

4.3 Analysis of Nonverbal Behavior

The video recordings of participant verbal and nonverbal responses
to agent questions were manually analyzed and annotated for hand
gesture, following McNeill [28]. Overall interactions ranged from
7.0 minutes to 14.7 minutes, with an average time of 10.6 (SD 2.2)
minutes. Interactions were significantly longer for the six partici-
pants in EMPATHIC condition, Mann-Whitney U = 1.5, p < .05, with
interactions running an average of 11.7 (SD 2.0) minutes compared
to 9.2 (SD 1.5) minutes for those in the REPORT condition (Table
TBD). This is due to the added time of the empathic feedback from
the agent, which averaged 30.2 (SD 7.3) seconds. McNeill’s typology
classifies gestures into one of four categories [1]: 1) Beat gestures
are bi-phasic flicks of the hand in time with the prosodic peaks of
speech, used primarily to add emphasis to what is being said. 2)
Deictic gestures point to place either in physical space (e.g., a body
part that has experienced pain) or to a conceptual entity in gesture
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Measures EMPATHY Mean | EMPATHY SD | REPORT Mean | REPORT SD
Active Empathic Listening Scale (¥) 5.20 0.84 3.25 0.96
Agent Satisfaction 5.80 0.84 5.75 0.96
Working Alliance 59.80 20.55 48.50 8.96
Responsiveness Of Other 5.40 1.67 3.75 1.89
Godspeed Agent (anthropomorphism) 2.25 1.71 2.00 1.41
Godspeed Agent (animacy) 3.00 0.71 1.75 1.26
Godspeed Agent (likeability) (¥) 4.80 0.45 2.75 1.90
Godspeed Agent (perceived intelligence) (*) | 4.00 0.00 2.50 1.73

Table 2: Descriptive Statistics of Quantitative Self-Report Measures

i

iﬁ@

space. 3) Iconic gestures represent images of concrete entities or ac-
tions (e.g., moving the hand up an imaginary staircase step-by-step
when describing walking upstairs). 4) Metaphoric gestures map an
abstract concept to a physical shape or trajectory using a spatial
metaphor [39], then represent the spatial aspects with gesture (e.g.,
raising a hand to show increased pain). Iconics and Metaphorics
together are referred to as Representational gestures. In addition
to these four core types, emblems (or emblematic gestures) are
those that have conventional meaning (e.g., the “OK” gesture) and
contrast gestures are pairs of beats that are used to mark antonyms
(e.g., ‘good or bad’).

In our corpus, hand gestures were observed for eight of the
nine participants, with the ninth never lifting his hands into cam-
era view. The following analyses exclude this participant from the
count statistics. Non-communicative self-adapters (e.g., scratching
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Figure 4: Sequence of gestures, where the participant describes their pain as going from 2 inches in diameter to 1 inch
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the face) are also excluded. Participants exhibited 6 to 48 commu-
nicative hand gestures during their overall interaction with the
agent, average 23.9 (SD 14.2). As found in many other studies of
face-to-face conversation, the majority of these (56.5%) were beat
gestures (range 0 to 43, mean 13.5, SD=13.8), used for emphasis,
occasionally co-articulated on top of a representational gesture.
The next most common type of gesture observed was deictic ges-
ture, averaging 4.5 (SD 4.8) per participant. The majority (86.1%) of
these were to body parts that participants were describing related
to their pain experience. Representational gestures (iconics and
metaphorics [1]) were observed but at a lower frequency, averag-
ing 4.1 (SD 3.1) per interaction. Metaphoric gestures were used
to describe concepts including ‘repetitive’, ‘alone’, ‘group of peo-
ple’, ‘offer’, ‘higher level of pain’, ‘higher difficulty’, ‘active (as in
sports)’, ‘jumping around’, ‘constricting (pain feeling)’, ‘pain event
(as conceptual object)’, and ‘uncertainty’. Contrastive gestures (e.g.,
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Pain Dimension Duration (seconds) Hand Gestures p ef*
Response (count)
Mean Stdev | Beats Deictics [ Representational [ TOTAL***

EMOTION 20.10 14.70 1.50 0.25 0.75 2.60
FEEL 15.70 11.50 1.63 0.75 0.75 3.13
FREQUENCY 15.00 10.30 | 0.88 0.50 0.63 2.00
IMPACT 12.70 8.70 0.25 0.00 0.00 0.38
INTENSITY 12.90 7.10 0.50 0.00 0.00 0.50
ONSET 17.00 18.30 | 2.50 0.38 0.38 3.63
OPEN 13.60 10.60 0.38 0.13 0.00 0.63
OPEN-2 19.00 14.40 0.00 0.00 0.00 0.00
PATTERN 13.90 8.30 0.75 0.13 0.50 1.38
REFLECT 14.40 11.40 0.00 1.60 0.20 1.80
SENSATION 20.25 17.50 1.13 0.38 0.25 1.75
STATUS 18.30 13.90 1.50 0.00 0.38 2.25
TRIGGER 12.00 11.50 0.38 0.25 0.50 1.25
WHEN 16.40 10.60 2.00 0.00 0.00 2.00
WHERE 17.10 16.50 0.00 0.75 0.13 0.88
EMPATHY* 30.20 7.30 0.00 0.00 0.00 0.00
TOTAL PER SUBJECT | 635.78 128.76 | 13.50  4.50 4.10 23.90

Table 3: Participant Response Durations and Gesture Counts. * For the 5 subjects in EMPATHY condition. “* Excluding one
subject who apparently did not gesture at all. *** Includes all other communicative gestures

‘whether I'm lonely or not lonely’) and emblematics (e.g., ‘two’
with two fingers raised) were also observed, but were relatively
rare. When broken down by pain question type, most gestures occur
when asking about pain onset, sensation, and impact on emotional
state. Deictics are most commonly found in response to questions
about pain location, sensation, and at the end of the interview when
participants are asked to reflect on their pain experience (some par-
ticipants waited until this prompt to give a full description of their
pain experience). Representational gestures were most often used
in response to questions about pain sensation, emotional impact,
and frequency.

4.3.1 Example of Complementary Meaning from Metaphoric Ges-
ture. In order to demonstrate the value of multi-modal analysis of
narrative descriptions of pain experience, we present a detailed anal-
ysis of one patient response that includes a range of hand gestures.
In response to the PATTERN prompt in Table 3, one participant
described a change in pattern in their pain experience. As shown
in Figure 5, the participant (P) describes a change in their pain
over time from a two-inch diameter region in their lower back to
a one-inch diameter region. They use a deictic gesture to indicate
where in their back they experience the pain, and three iconic ges-
tures to reinforce the concept that it decreased in size. They use
one gesture to describe their pain as "constricting” (Figure 3). They
brought their fingers together in a grabbing-like motion, potentially
illustrating the sensation of reduction. Additionally, to depict the
reduction in pain from a "two-inch" to a "one-inch" diameter, they
used another iconic gesture (Figure 4). They opened their fingers
wide to indicate a larger circle and closed their thumb and index
finger to represent a smaller circle, symbolizing the reduction in
pain size. Together these gestures convey both the location, size,
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and change in physical area affected by pain, conveying additional
information and subtlety not present in speech.

5 DISCUSSION

Our results provide evidence for the acceptance of a multi-modal
ECA as a pain assessment tool. All participants readily described
various aspects of their pain experience to the agent, and rated their
satisfaction with the experience 5.8 on a 1-7 scale. The participants
in the EMPATHIC Feedback condition of our study indicated that
the agent demonstrated sympathy, empathy, and an understand-
ing of their painful experiences. This aligns with previous virtual
human interviewers that facilitate sharing psychological distress
information from users [13]. Next, our study’s findings demon-
strate the importance of the reflection component in our system.
Participants preferred the agent to showcase understanding and
provide feedback explicitly during the conversation. Our findings
contribute to that by demonstrating the effectiveness of empathic
reflection through the agent’s verbal and non-verbal behavior in
pain assessment. Finally, our qualitative analysis suggests that fu-
ture designs should adopt user-centric approaches that adapt to
individual needs, preferences, and pain contexts. This can ensure a
more personalized and tailored user experience. Through our study,
we also contribute to the understanding the relationship between
language and non-verbal behavior, in the context of pain expression.
Our work also aligns with previous research on eliciting unpleasant
and felt experiences from users. A related study explored the use of
gestures by individuals while describing their toothaches and back-
aches [33]. For instance, when discussing backaches, participants
used gestures to visually illustrate the pain as "the crest of it" They
raised their hand and pointed to the highest point in the gesture
space, effectively conveying the intensity of the pain through this
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A: In addition to the frequency, have you noticed any particular patterns or variations in the pain episodes?

P: Yah, it seems [to] / constrict / in the pain.
Gesture type: iconic, right hand, shape S, upper right center, motion: closing to fist, hand meaning: constricting

P: As the days went on / [it] [wasn't] [as] / oh, inflammatory. /
m @ @&
(1) Gesture type: beat, right hand, shape B (open flat)
(2) Gesture type: beat, right hand, shape B (open flat)
(3) Gesture type: iconic, right hand, shape S, upper right center, motion: closing to fist, hand meaning: constricting

P: Sooo if it was [like two inches I'd say] it went down to like an inch of [pain], in one area, when it first happened.

M

(1) Gesture type: iconic, right hand, shape F (finger thumb

(2)

in circle), upper right center,

motion: circle decreasing in diameter, hand meaning: reducing in size
(2) Gesture type: deictic, right hand, point at lower back right side

Figure 5: Example user description of pain, following coding conventions in [28]

upward motion. We thus argue that understanding and accounting
for the role of gestures in expressing narrative subjective experi-
ences is essential. Thus, multi-modal systems should capture both
verbal and non-verbal cues such as gestures, to better understand
the nuances of user experiences related to their pain.

Despite the positive results, it is important to note that there are
several limitations in the current experiment, beyond the small con-
venience sample used. First, using a wizard-of-oz setup to facilitate
the dialog may provide results that are different from those using
a fully-automated ECA. Additionally, we only asked participants
to retrospectively describe a pain experience from the prior two
weeks. Our results may not generalize to ECA assessment of acute,
ongoing pain experience.

6 FUTURE WORK

There are several research paths that our exploratory work points
to. We outline three key areas for future research based on the
findings and implications of our study.

Multimodal Pain Assessment should include Non Verbal
Expressions: Narrative descriptions of pain experiences are multi-
dimensional, encompassing linguistic expression, use of specific
facial expressions, complex hand gestures, and other behavioral
cues. Our study collected data from multiple modalities, including
audio, video, Kinect, and physiological measurements. This data
collection effort provides a valuable resource for furthering multi-
modal assessment in pain research. Future research should explore
understanding the non-verbal expressions of pain, helping us gain
a deeper understanding of pain experiences. In understanding the
gesture correlates of pain, we can develop specialized gesture recog-
nition algorithms that specifically identify pain-related movements.

Automated Dialog Management: Another avenue for future
work is the development of automated dialog generation and
management for the ECA system. Although our current study used
a wizard to facilitate the dialog, leveraging recent advancements in
large language models presents an opportunity to automate the
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dialog process. By employing natural language understanding,
researchers can explore the development of systems that can more
effectively engage users, adapt to their specific pain contexts, and
provide tailored empathetic responses.

At-home assessment of patient reported outcomes: The
rise of remote work and telemedicine, since the pandemic, has
emphasized the importance of at-home systems for assessing, diag-
nosing, and monitoring of patients; including a focus on patient-
reported pain outcomes [2]. Current pain elicitation methods rely
on repeated self-report, which may challenge the ability to engage
patients and maintain compliance in the context of longitudinal
at-home symptom surveillance. Using an ECA as a pain assessment
tool offers several potential benefits in this context. Firstly, an ECA
can create more engaging and interactive user experiences, and
increase user willingness to participate in pain assessments over
extended periods. Secondly, when combined with automated pain
detection techniques, the ECA can contribute to an understanding
of pain that is closer to the user’s subjective experience, improving
the reliability and accuracy of pain-related outcomes.

7 CONCLUSION

In this work, we demonstrate the potential use of ECAs for auto-
mated pain assessment. Participants acknowledged the empathetic
and caring nature of the agent feedback, indicating that ECAs can
effectively display empathy and sympathy towards individuals ex-
periencing pain. Additionally, participants perceived the agent as a
potentially useful tool for assessing and addressing their medical
issues remotely, emphasizing the convenience and effective com-
munication offered by ECAs. This work contributes to the fields
of automated assessment of pain, healthcare, and ECAs, and we
identify several directions for future research in this space.
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