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Abstract

Background: The delivery of education on pain neuroscience and the evidence for different treatment approaches has become
a key component of contemporary persistent pain management. Chatbots, or more formally conversation agents, are increasingly
being used in health care settings due to their versatility in providing interactive and individualized approaches to both capture
and deliver information. Research focused on the acceptability of diverse chatbot formats can assist in developing a better
understanding of the educational needs of target populations.

Objective: This study aims to detail the development and initial pilot testing of a multimodality pain education chatbot (Dolores)
that can be used across different age groups and investigate whether acceptability and feedback were comparable across age
groups following pilot testing.

Methods: Following an initial design phase involving software engineers (n=2) and expert clinicians (n=6), a total of 60
individuals with chronic pain who attended an outpatient clinic at 1 of 2 pain centers in Australia were recruited for pilot testing.
The 60 individuals consisted of 20 (33%) adolescents (aged 10-18 years), 20 (33%) young adults (aged 19-35 years), and 20
(33%) adults (aged >35 years) with persistent pain. Participants spent 20 to 30 minutes completing interactive chatbot activities
that enabled the Dolores app to gather a pain history and provide education about pain and pain treatments. After the chatbot
activities, participants completed a custom-made feedback questionnaire measuring the acceptability constructs pertaining to
health education chatbots. To determine the effect of age group on the acceptability ratings and feedback provided, a series of
binomial logistic regression models and cumulative odds ordinal logistic regression models with proportional odds were generated.

Results: Overall, acceptability was high for the following constructs: engagement, perceived value, usability, accuracy,
responsiveness, adoption intention, esthetics, and overall quality. The effect of age group on all acceptability ratings was small
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and not statistically significant. An analysis of open-ended question responses revealed that major frustrations with the app were
related to Dolores’ speech, which was explored further through a comparative analysis. With respect to providing negative
feedback about Dolores’ speech, a logistic regression model showed that the effect of age group was statistically significant

(χ2
2=11.7; P=.003) and explained 27.1% of the variance (Nagelkerke R2). Adults and young adults were less likely to comment

on Dolores’ speech compared with adolescent participants (odds ratio 0.20, 95% CI 0.05-0.84 and odds ratio 0.05, 95% CI
0.01-0.43, respectively). Comments were related to both speech rate (too slow) and quality (unpleasant and robotic).

Conclusions: This study provides support for the acceptability of pain history and education chatbots across different age groups.
Chatbot acceptability for adolescent cohorts may be improved by enabling the self-selection of speech characteristics such as
rate and personable tone.

(JMIR Form Res 2023;7:e47267) doi: 10.2196/47267
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Introduction

Background
Although pain is commonly thought of as a symptom resulting
from injury or disease, chronic or persistent pain is considered
a disease in its own right [1]. The disease presents as a complex,
common, and costly health problem [2]. The Global Burden of
Disease 2016 study found that pain-related diseases, lower back
pain, and migraine are the leading causes of disability and
disease burden globally [3]. Pain is also the main reason why
people seek medical care, with 3 of the top 10 reasons being
treatment for osteoarthritis, back pain, or headaches [4]. Chronic
pain is common across the life span, with high rates of recurrent
headaches and abdominal pain reported in pediatric populations
[5].

Most approaches to the management of chronic pain incorporate
education about pain neuroscience and the evidence for different
clinical interventions such as surgery, pain relief medications,
and nonpharmacological approaches [6-8]. Used by both adult
and pediatric populations, the education aims to shift one’s
conceptualization of pain from that of an indicator of tissue
damage or disease to a central nervous system output designed
to protect the body [9]. Thus, pain education is a clinical tool
that empowers people to self-manage their condition through a
better understanding of pain and uptake of evidence-based
physical, psychological, and social treatment strategies [10,11].

Recent systematic reviews have revealed that pain education
can facilitate the ability to cope with persistent pain by
decreasing pain catastrophizing and kinesiophobia [7,11], and
when combined with exercise therapy, it can result in greater
short-term improvements in pain and disability than exercise
alone in adults [7]. However, as most research has focused on
educating adults with chronic pain, further empirical
investigations with pediatric pain populations are required to
effectively tailor and implement pain education [8,12].

To facilitate the processing of complex and novel pain education
information in pediatric populations, it has been suggested that
multiple modalities may be needed such as video clips and
animated mobile phone apps [8]. Mobile phone apps might be
particularly useful for digital native adolescents. However, some

studies have found low levels of engagement for pediatric pain
self-management apps, suggesting that further research is needed
to understand how adoption can be enhanced [13,14]. In an
adult cohort, allowing people with chronic pain to be able to
tell their own story through a comprehensive assessment has
been identified as a key component in enhancing the experience
of pain education [11].

Chatbots, or more formally conversation agents, are increasingly
being used in health care settings to provide education [15].
Chatbots are computer systems that enable interactive 2-way
communication through a variety of modalities including videos,
images, and written or spoken language [15,16]. The versatility
of these communication modalities enhances the potential
application of educational chatbots in health care settings across
a variety of target populations ranging from young children to
older adults [15]. Chatbots are more individualized than leaflets
and can be easier to navigate than websites. A survey of 100
physicians acknowledged that although chatbots cannot
effectively address the needs of all patients, they can play an
important role in supporting and motivating them, resulting in
potential cost savings and improved patient outcomes [17].

However, there is a paucity of research on the development,
automation, adoption, and acceptability of chatbots from the
perspective of patients in the health field [18]. Two available
chatbots were evaluated in cohorts consisting of adults with
chronic pain, and both evaluations revealed high levels of user
acceptability and engagement [19,20]. No known study has
used a chatbot in a pediatric pain cohort. There is a need for
further research that is focused on the acceptability of diverse
chatbot formats, resulting in a better understanding of the needs
and preferences of different age groups [15].

Objectives
The aims of this study were (1) to detail the development of a
multimodality pain education chatbot (Dolores); (2) to conduct
initial pilot testing with adolescents, young adults, and adults
with chronic pain; and (3) to investigate whether acceptability
and feedback were comparable across age groups following
initial pilot testing. It was hypothesized that acceptability would
be comparable across age groups based on a systematic review,
indicating that age does not have a consistent effect on health
information technology acceptance [21].

JMIR Form Res 2023 | vol. 7 | e47267 | p. 2https://formative.jmir.org/2023/1/e47267
(page number not for citation purposes)

Andrews et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.2196/47267
http://www.w3.org/Style/XSL
http://www.renderx.com/


Methods

Chatbot Development and Framework
Dolores was designed to be embedded in the Pain ROADMAP
monitoring app [22,23]. The idea for Dolores resulted from a
working group with researchers and clinicians who discussed
how to adapt Pain ROADMAP to a pediatric setting. The chatbot
framework used to build Dolores is an in-house framework
developed at the Commonwealth Scientific and Industrial
Research Organisation (CSIRO) in Australia. This framework
has been used in other health-related chatbots, including Harlie
for autism spectrum disorder and Parkinson disease [24,25] and
Edna for genetic counseling [26]. The response engine consists
of a case-based reasoner that operates based on the structure
(syntax) of human communication. The underlying data structure
and response algorithm is a radix tree [24], where the nodes are
the possible human-uttered words (or wildcard matching syntax).
This data structure provides inherent compression of similar
utterances and fast lookup times. A response is produced when
the traversal of the radix tree structure finds a template response
at the end of the utterance.

Figure 1 provides an example of this process. The radix tree is
first created by parsing markup files that contain the patterns
(possible human utterances) and corresponding templates that
provide instructions on how to respond. The markup language
used was based on XML. An example is shown in Textbox 1,
which when parsed, forms a part of the tree shown in Figure 1.

The pattern can include wildcards (eg, *: ≥1 words), optional
words, sets of words (ie, synonyms), and forbidden words. A
constructed radix tree is referred to as a “brain.” The example
given in Figure 1 would provide matched responses to utterances
such as “Why do I feel pain?” and “Why do I need to take my
meds?”

Auxiliary algorithms are also used including sentiment analysis
that identifies the probability of negative sentiments and logic
reasoning. Multiple responses are encoded, with each specific
response chosen based on the sentiment of the last utterance
and overall conversation [27]. When Dolores does not have a
match in her brain, sentiment analysis is used to determine
whether to refer the user to a human or request more
information.

Figure 1. Illustrative example of Dolores’ chatbot radix tree response algorithm developed for pilot testing in a chronic pain population.
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Textbox 1. Example of markup language for responding to utterances of the form “Why do I have pain?” “Why do I feel pain?” etc.

<topic name = “general-chat”>

<category>

<pattern> WHY * PAIN </pattern>

<template>

Pain is a defense mechanism in the brain.

</template>

</category>

</topic>

The design and development of Dolores’ brain was a
collaborative process among a group of 6 expert clinicians: 4
occupational therapists, 1 physiotherapist, and 1 speech
pathologist who had diverse experiences with clients of different
ages, including clinical experience within adult and pediatric
tertiary multidisciplinary pain centers (authors NEA, DW, and
MS). In CSIRO’s previous chatbot development [24,26], the
personality of the person entering the data was evident in the
chatbot through subtle language cues; users disengaged quickly
unless the programmer who wrote the script was both
knowledgeable and personable. Having clinicians write
responses for their respected client base provided consistency
and portrayed the chatbot as a warm conversation partner with
a unique personality.

The initial chatbot education topics were mapped by the
interdisciplinary research team with clinical backgrounds in
pain management, as illustrated in Figure 2. Commonly asked
questions on these topics were then identified, and the
subsequent topics, questions, and conversation flows were
discussed. First, an adult version of the app content was created.
Where possible, existing resources for information were referred
to in Dolores’ responses, including web pages, YouTube videos,
mobile phone apps, and web-based education modules. This
content was then altered to ensure age appropriateness for older
and younger adolescents by a pediatric speech pathologist
researcher (author TR) and pediatric pain clinicians (authors
DW and MS). These alterations included lowering the
readability level of the text and referring to more age-appropriate
resources. An example of the response to a specific question
posed by users of different ages (ie, adults, older adolescents,
and younger adolescents) can be seen in Table 1.
Implementation proceeded according to the agreed chatbot
specifications, and responses were compiled into the brain by
an experienced computer scientist (author DI), with assistance
from an intern (author PV).

For the purpose of pilot testing, Dolores was built to be used as
a stand-alone iOS or iPadOS app. The user interface allowed
the clinician to select the language level (ie, adult, older
adolescent, or younger adolescent) to match the users’ language
proficiency. Dolores generated responses using a combination
of speech and written outputs with a “chat bubble” produced as
typically seen in a conventional web-based chatting program.

The speech output was set to the VoiceOver setting selected on
the device. The default setting of Siri Female (Australia) with
a pitch change of 50% and speaking rate of 50% was used for
pilot testing. An audio recording of the speech output can be
found in Multimedia Appendix 1. The user could interact with
Dolores through text, speech, and optional interactive buttons.
User speech recognition used Google Cloud speech to text, as
it has the highest accuracy of available programs and provides
a nonlogging option to ensure privacy [28].

On the basis of previous research emphasizing the importance
of being able to tell one’s story to enhance the experience of
pain education [11], 2 interactive experiences were built. A
structured pain history interview was first administered by
Dolores, which allowed users to begin developing rapport with
Dolores and reflect on their own experiences. Key assessment
constructs for the pain history interview were drawn from
existing assessment proformas used by local pain centers and
the electronic Persistent Pain Outcomes Collaboration (ePPOC)
referral questionnaires, which are widely used across Australia
and New Zealand [29,30]. The assessment constructs included
pain location, pain duration, sensory descriptions of pain,
affective descriptors of pain, initial trigger or beginning of the
pain experience, perceived impact of pain on daily life, current
understanding of pain, and perceptions of treatment approaches.
Users could select a drawing widget to answer questions related
to pain location, descriptors of pain, and how their pain began.
A pain diagram could also be used to mark the location of pain.

The second component of the chatbot interaction is the
educational session. Pain education was initiated by Dolores
asking the user about their learning preferences. Users were
able to browse topics, select a random topic, take a quiz, or ask
Dolores questions. If a user wished to continue learning about
a topic after the chatbot interaction, the information provided
by the Dolores could be saved and then exported to a PDF
format for future reference. The chatbot was tested multiple
times by the research team before pilot testing with people with
chronic pain to verify the appropriateness of the content and
conversation flow. Various changes were made to the app layout
and content before pilot testing with people with chronic pain
(eg, shortening the length of responses and modification of
interface labels). Screenshots of the Dolores interface are shown
in Figure 3.
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Figure 2. Initial Dolores chatbot education topics that were mapped by the interdisciplinary research team for pilot testing in a chronic pain population.

Table 1. Example of the Dolores chatbot age-appropriate responses to a user’s question that was developed for pilot testing in a chronic pain population.

Response to the question posed by a user: what is mindfulness?

Mindfulness is about being present in the moment, accepting the thoughts and feelings you’re having without worrying about
them, allowing you to achieve a sense of peace. Essentially, mindfulness therapies teach you to be aware of the pain you are
feeling and the thoughts you may be having about that pain, without attaching any negative connotations to them. More infor-
mation about mindfulness can be found at this website [31]. If you want to trial mindfulness, Smiling Mind is a free mindfulness
and relaxation app [32]. For more details, visit the Smiling Mind website.

Response to adults

Mindfulness is a skill you can learn to help notice thoughts and feelings in order to feel comfortable and safe. There are many
ways to learn mindfulness strategies and your therapist might help you learn how to use this skill as a part of your pain treatment.
Talk to your pain team about mindfulness if you would like to know more.

Response to older
adolescents

You can learn how to become more aware of your thoughts and feelings. This is a skill called mindfulness. It can help you to
feel relaxed and safe. There are a lot of different things you can do to help you notice what your thoughts and feelings are right
now. You might learn how to be more mindful as part of your pain treatment. You can talk to your pain team if you want to
know more about mindfulness.

Response to younger
adolescents
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Figure 3. Screenshots of the Dolores chatbot app interface used for pilot testing in a chronic pain population.

Ethical Considerations
The Children’s Health Queensland Hospital and Health Service
Human Research Ethics Committee (HREC/21/QCHQ/73157),
the CSIRO Health and Medical Human Research Ethics
Committee (2021_049_RR), and the University of Queensland
Human Research Ethics Committee (2021/HE001056) approved
the protocol for pilot testing as detailed further. Written
informed consent was obtained before participating in the study.

For younger participants (aged <18 years), consent was obtained
from both the participants and their parents or guardians. All
data were deidentified at the time of data collection; participants
at each site were allocated a unique research ID number to
identify all study materials. All the data were stored on a secure
server at the University of Queensland (UQ Research Data
Manager). At the end of the study, participants received an Aus
$25 (US $18.75) voucher for use in popular retail stores in
Australia as a gesture of appreciation. To avoid coercion,
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participants were not informed of the voucher until the end of
the study.

Pilot Testing With People With Chronic Pain

Recruitment and Procedure
Participants were recruited from 1 of 2 pain centers located in
large tertiary hospitals in Australia. The inclusion criteria were
as follows: the participant must (1) have persistent noncancer
pain for at least 3 months; (2) be aged ≥10 years; and (3) possess
adequate expressive and receptive language skills to complete
the required tasks in English, as determined by clinicians in the
treatment team. Participants with coexisting medical conditions
were not excluded from this study. As little was known about
the variables of interest in this study, the target sample size was
based on the rules of thumb for regression (number of predictor
variables+50) [33]. A target sample size of 60 participants was
used to account for any missing data.

Participants meeting the inclusion criteria were identified by 1
of the 2 physiotherapy research students (authors LB and EH)
on presentation to their outpatient appointment. All participants
were provided with written and verbal information regarding
the study. The research students emphasized that participation
was voluntary and that decisions about participation would not
affect the patient’s relationship with the clinical staff or their
ongoing care at the pain center. Consenting participants were
transferred to a private treatment space and completed a short
paper-based demographic questionnaire. Participants were then
given a fifth-generation iPad with the Dolores app installed.
One of the research students provided a 2-minute orientation
to the app and provided participants with a cheat sheet
(Multimedia Appendix 2). Participants then spent 20 to 30
minutes completing the 2 interactive chatbot activities (ie, the
pain history interview and education session). The research
student remained in the room during the chatbot interaction to
provide technical assistance or answer any questions. However,
minimal assistance was required during the pilot testing. On
completion of the chatbot experience, participants completed a
paper-based custom-made evaluation questionnaire. Adolescent
participants were allowed to have their parents or guardians
present to assist them in completing all tasks.

Measures

Demographic Questionnaire

Information regarding participant gender, age, country of birth,
languages spoken, language spoken at home, education level,
coexisting medical diagnoses affecting communication and
language, pain onset, pain duration, and pain location were
gathered. Confidence in using mobile phone apps was measured
on a 5-point Likert scale (0=not at all confident; 4=very
confident). An estimation of the amount of time spent using a
smartphone in the last 7 days was also recorded.

Custom-Made Evaluation Questionnaire

A custom-made evaluation questionnaire that explored chatbot
acceptability was created to ensure that the questions were
suitable and easy to understand across all the age groups. Eight
acceptability constructs were chosen based on scoping reviews
focused on either the technical evaluation of health chatbots or

the measurement of mobile health acceptability [34,35]. The 8
constructs examined were engagement, perceived value,
usability, accuracy, responsiveness, esthetics, adoption intention,
and overall quality. All constructs were rated using a 5-point
Likert agreement scale with pictorial representations (ie, emoji
faces). Furthermore, 4 open-ended questions were included to
allow feedback on the most- and least-liked features and
suggestions for future updates. The evaluation questionnaire is
presented in Multimedia Appendix 3.

Statistical Analysis
All statistical analyses were conducted using SPSS for Windows
(version 28.0.1; IBM Corp). Descriptive statistics were first
generated to describe the sample and examine feedback
pertaining to the Likert-scale acceptability ratings from the
evaluation questionnaire. Frequencies were generated for the
questionnaire scale responses. A series of cumulative odds
ordinal logistic regression models with proportional odds was
then generated to determine the effect of age group on
acceptability ratings.

Responses to the open-ended questions of the evaluation
questionnaire were analyzed using applied thematic analysis
with an exploratory approach [36]. Text segmentation was not
used, and responses to all the questions were considered in their
entirety when generating overarching themes. The text was first
analyzed by a researcher with a clinical background in pain
management and experience in qualitative analysis (author NA)
[37-39] to develop codes and overarching themes. Both codes
and themes were reviewed by a second researcher with a
background in computer science and experience in qualitative
analysis (author DI) [26]. The number of participants whose
comments were coded with a particular code (ie, frequency
count) was then generated.

The high-frequency codes across the entire sample were
examined further. A threshold of a frequency count >10 was
used to identify high-frequency codes, and a comparative
analysis was undertaken on the high-frequency codes that were
distinct from the constructs examined using acceptability Likert
scales. Binomial logistic regression models were generated to
ascertain the effects of age group on the likelihood of these
unique high-frequency codes appearing in the text of open-ended
question feedback. An additional binomial logistic regression
model was used to establish the effect of age group on providing
any comments in the evaluation questionnaire. The following
cutoff points were used to interpret the effect size for odds ratios:
1.68 or 0.60 (small), 3.47 or 0.29 (medium), and 6.71 or 0.15
(large) [40].

Results

A total of 60 individuals with chronic pain were recruited to
participate in this study: 20 (33%) adolescent participants (aged
10-18 years), 20 (33%) young adults (aged 19-35 years), and
20 (33%) adults (aged >35 years) with chronic pain.

Demographic Data
The demographic information pertaining to each age group and
the sample as a whole is presented in Table 2. The mean ages
of the adolescent, young adult, and adult participants were 15.05

JMIR Form Res 2023 | vol. 7 | e47267 | p. 7https://formative.jmir.org/2023/1/e47267
(page number not for citation purposes)

Andrews et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


(SD 1.91; range 10-18), 28.79 (SD 4.6; range 21-35) and 54.6
(SD 12.0; range 38-76) years, respectively. More female (14/20,
70%) than male (6/20, 30%) adolescent participants were
recruited for the study. An equal number of male and female
individuals participated in the other age cohorts. Most
participants (54/59, 92%) were born in Australia and identified
English as their primary language. The adult group had the
highest prevalence of participants (4/20, 20%) who spoke
multiple languages. Self-reported coexisting medical conditions
known to affect language and communication (eg, dyslexia)

were low across the age groups. Overall, the most common pain
locations were the lower back (30/59, 51%), upper limbs (25/59,
42%), and neck (25/59, 39%), and medical conditions were the
most common cause of pain onset identified (18/59, 31%). The
adolescent cohort reported being the most confident in using
apps, with 75% (15/20) of participants selecting “very
confident.” The time spent using a smartphone was relatively
similar across the age groups, with a mean of 25.77 (SD 18.52)
hours per week recorded for the sample.
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Table 2. Demographic information for the chronic pain study cohorts who participated in pilot testing of the Dolores chatbot app.

Adolescents (n=20)Young adult (n=19)Adults (n=20)Total (n=59)Demographic variable

Gender, n (%)

6 (30)10 (53)10 (50)26 (44)Male

14 (70)9 (47)10 (50)33 (56)Female

15.05 (1.91; 10-18)28.79 (4.59; 21-35)54.6 (12.00; 38-76)32.88 (18.24; 10-76)Age (years), mean (SD; range)

Country of birth, n (%)

19 (95)19 (100)16 (80)54 (92)Australia

0 (0)0 (0)1 (5)1 (2)Egypt

0 (0)0 (0)1 (5)1 (2)England

0 (0)0 (0)1 (5)1 (2)New Zealand

0 (0)0 (0)1 (5)1 (2)The Netherlands

1 (5)0 (0)0 (0)1 (2)Germany

Languages spoken, n (%)

19 (95)19 (100)16 (80)54 (92)English only

1 (5)0 (0)4 (20)5 (9)Multiple (including English)

Main language, n (%)

20 (100)19 (100)19 (95)59 (98)English

0 (0)0 (0)1 (5)1 (2)Arabic

Education level, n (%)

0 (0)5 (46)6 (30)11 (19)University

0 (0)2 (11))4 (20)6 (10)Diploma

2 (10)6 (32)5 (25)13 (22)Certificate

9 (45)6 (32)5 (25)20 (34)Secondary education

9 (45)0 (0)0 (0)9 (15)Primary education

Coexisting medical conditions, n (%)

2 (10)0 (0)1 (5)3 (5)Dyslexia

1 (5)0 (0)2 (10)2 (3)Vision impairment

2 (10)2 (11)0 (0)4 (7)Behavior or attention disorder

1 (5)1 (5)0 (0)2 (3)Autism spectrum disorder

Pain onset, n (%)

1 (5)1 (5)1 (5)3 (5)Injury at home

2 (10)4 (21)3 (15)9 (15)Injury at work or school

1 (5)4 (21)3 (15)8 (14)Injury in another setting

1 (5)1 (5)3 (15)5 (9)Road traffic crash

5 (25)5 (26)8 (40)18 (31)Medical condition

2 (10)2 (11)1 (5)5 (9)After surgery

8 (40)2 (11)1 (5)11 (19)No obvious cause

3.12 (3.09; 0.67-14.5)6.05 (5.51; 1-20.5)15.00 (12.26; 0.67-40)8.09 (8.09; 0.67-40)Pain duration (years), mean (SD; range)

Pain location, n (%)

5 (25)2 (11)5 (25)12 (20)Head or face

8 (40)10 (53)12 (60)30 (51)Lower back

10 (50)6 (32)9 (45)25 (42)Upper limb

7 (35)4 (21)4 (20)15 (25)Abdomen or groin
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Adolescents (n=20)Young adult (n=19)Adults (n=20)Total (n=59)Demographic variable

4 (20)5 (26)8 (40)17 (29)Hips

5 (25)3 (16)7 (35)15 (25)Knees

8 (40)5 (26)10 (50)23 (39)Neck

7 (35)6 (32)3 (15)16 (27)Upper back

3 (15)2 (11)2 (10)7 (12)Chest

0 (0)1 (5)3 (15)4 (7)Buttocks

2 (10)2 (11)3 (15)7 (12)Thighs

4 (20)3 (16)5 (25)12 (20)Calves, ankles, or feet

0 (0)1 (5)1 (5)2 (3)Total body

Confidence using apps, n (%)

0 (0)0 (0)0 (0)0 (0)Not at all confident

0 (0)0 (0)1 (5)1 (2)Slightly confident

0 (0)1 (5)8 (40)9 (15)Moderately confident

5 (25)36.8 (7)8 (40)20 (34)Confident

15 (75)11 (58)3 (15)29 (49)Very confident

27.93 (20.84; 0-70)28.68 (18.88; 3-70)20.58 (15.13; 2-56)b25.77 (18.52; 0-70)aHours using smartphone, mean (SD; range)

aOne adult nonrespondent, thus n=58.
bOne adult nonrespondent, thus n=19.

Likert Scale Acceptability Ratings
The acceptability ratings for the entire sample are presented in
Table 3. Overall, the acceptability was high. A very small
number of participants (3/57, 5%) indicated that they either
disagreed or strongly disagreed with one of the statements. The
usability and responsiveness ratings were particularly high, with
most participants rating these statements as either agree or
strongly agree (54/57, 95% of the sample for usability and 52/57,
91% of the sample for responsiveness). Perceived value was

the lowest-rated statement, with 32% (18/57) of the sample
recording a neutral response.

The ordinal logistic regression models examining the effect of
age group on acceptability ratings are presented in Table 4. The
effect of age group on all acceptability ratings was small and
not statistically significant. The assumption of proportional odds
was met for all models, as assessed by nonsignificant full
likelihood ratio tests comparing the fit of the proportional odds
model to a model with varying location parameters.

Table 3. Acceptability ratings across the whole sample (n=57) based on pilot testing data of the Dolores chatbot app in a chronic pain population.

Acceptability RatingAcceptability construct

Strongly Disagree,
n (%)

Disagree,
n (%)

Neutral,
n (%)

Somewhat Agree,
n (%)

Agree,
n (%)

Strongly Agree,
n (%)

1 (2)0 (0)7 (12)0 (0)29 (51)20 (35)Engagement: I enjoyed talking to Dolores

0 (0)0 (0)3 (5)0 (0)32 (56)22 (39)Usability: It was easy to talk to Dolores

0 (0)0 (0)5 (9)0 (0)22 (39)30 (53)Responsiveness: Dolores was fast enough when respond-
ing back to me

1 (2)0 (0)8 (14)2 (4)25 (44)21 (37)Esthetics: I liked the design of the Dolores app including
graphics and layout

0 (0)2 (4)20 (35)0 (0)26 (46)9 (16)Perceived value: Dolores helped me to understand more
about my pain or my pain treatments

0 (0)2 (4)9 (16)0 (0)22 (39)24 (42)Accuracy: Dolores understood what I was asking or
saying

1 (2)0 (0)8 (14)0 (0)29 (51)19 (33)Adoption intention: I would talk to Dolores again

1 (2)0 (0)6 (11)0 (0)24 (43)25 (45)Overall quality: I would recommend Dolores to others
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Table 4. Logistic Ordinal Regression models investigating acceptability ratings across age groups (n=57) based on pilot testing data of the Dolores
chatbot app in a chronic pain population.

Overall
quality

EstheticsAdoption
intention

Responsive-
ness

AccuracyUsabilityPerceived
value

EngagementStatistic

Pediatric

2.34 (0.69-
8.07)

1.98 (0.61-
6.47)

2.67 (0.76-
9.19)

0.45 (0.27-
3.10)

1.72 (0.53-
5.57)

2.68 (0.73-
9.78)

2.56 (0.76-
8.56)

2.33 (0.69-
7.94)

ORa (95% CI)

.17.26.12.90.37.14.13.17P value

Young adult

1.45 (0.42-
4.95)

0.60 (0.18-
2.02)

0.88 (0.26-
2.98)

0.76 (0.22-
2.65)

1.23 (0.37-
4.07)

1.15 (0.33-
4.02)

2.86 (0.84-
9.79)

1.82 (0.53-
6.23)

OR (95% CI)

.55.41.84.67.74.83.09.34P value

Adultb

1.00 (N/A)1.00 (N/A)1.00 (N/A)1.00 (N/A)1.00 (N/A)1.00 (N/A)1.00 (N/A)1.00 (N/Ac)OR (95% CI)

1.9 (4)3.6 (2)3.7 (4)17.1 (2)0.8 (4)2.6 (2)3.6 (4)2.0 (4)Chi-square (df)

.39.17.16.91.66.27.17.37P value

aOR: odds ratio. Higher odds ratios indicate that the age group is more likely to provide negative ratings.
bReference category.
cN/A: not applicable.

Qualitative Feedback
All codes and overarching themes generated from the applied
thematic analysis of responses to open-ended questions from
the evaluation questionnaire are displayed in Table 5. Most
participants (52/57, 91%) provided comments about their
experiences by responding to the open-ended questions. The
average number of words used to respond to the open-ended
questions across the sample was 10.67 (SD 10.22; range 0-56).
An analysis of all responses to all questions revealed three
overarching themes related to participants’ experiences
interacting with Dolores: (1) frustrations, (2) refinements, and
(3) benefits.

Most codes relating to the theme frustrations concerned Dolores’
speech output; 9 participants expressed that Dolores’ voice was
unpleasant or too robotic, 7 participants commented that the
speech rate was too slow, and 2 participants highlighted that
the pronunciation of certain words was incorrect: “She was a
slow talker” (Adolescent participant 12) and “She says words
funny” (Adolescent participant 8).

For the theme refinements, participant codes encompassed
suggestions on how the Dolores app could be improved; 8
participants advocated for adjustable voice options and speech
rate settings for Dolores: “a setting to change the speed of
talking” (Adolescent participant 11). A further 2 participants
recommended an optional mute function for Dolores’ interaction
with the users: “have talking be an option” (Adolescent
participant 16). Other recommendations that were endorsed by
>1 participant included more in-depth or specific information
on certain topics, more quiz questions, and the ability to use the
app at home.

Under the theme benefits, a variety of codes reflected feedback
about positive experiences using the Dolores app; 48 participants
commented on their positive experiences, whereas 19
participants indicated that the best part of the experience was
that the app was easy to use: “easy to use and interact with”
(Young Adult participant 2). The efficiency of the app, the
layout, and the design were mentioned by 4 participants. The
ease with which participants were able to disclose information
to Dolores was also highlighted by 4 participants. In addition,
12 participants reported that the information provided by
Dolores was useful: “information was brief but helpful” (Young
Adult participant 2), whereas 7 participants commented
favorably on the multiple options available for user interaction:
“I liked the variety of ways to communicate” (Adolescent
participant 15).

The different age groups were equally likely to provide feedback
by responding to the open-ended questions in the evaluation
questionnaire. A binomial logistic regression model examining
the effect of age group on providing comments was not

statistically significant, and the effect sizes were small (χ2
2=0.5;

P=.78; Nagelkerke R2=0.02). Dolores’ speech (code A) was
considered both a high-frequency code and distinct from the
constructs examined using the acceptability Likert scales. The
comparative analysis examining the effect of age group on
providing negative comments about Dolores’ speech was

statistically significant (χ2
2=11.7; P=.003). The model explained

27.1% (Nagelkerke R2) of the variance. Adults and young adults
were less likely to comment on Dolores’ speech compared with
adolescent participants. Using the adolescent cohort as the
reference group, a medium effect size was observed for adults
(odds 77% lower), and a large effect size was observed for
young adults (odds 95% lower).
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Table 5. Coding and themes from the evaluation questionnaire (n=57) based on pilot testing of the Dolores chatbot app in a chronic pain population.

Frequency countsa, n (%)

19 (33)Theme A: frustrations

18 (32)Code A: Dolores’ speech

9 (16)Code A1: unpleasant voice

7 (12)Code A2: speech rate too slow

2 (4)Code A3: incorrect pronunciation of words

2 (4)Code B: unfamiliar

1 (2)Code C: childlike

1 (2)Code D: having to type on a touch screen

1 (2)Code E: too assertive

24 (42)Theme B: refinements

8 (14)Code F: adjustable voice or speech settings

3 (5)Code G: more specific or in-depth information

2 (4)Code H: more questions in quiz

2 (4)Code I: home access or being able to use for longer

2 (4)Code J: able to turn off speech option for Dolores

1 (2)Code K: add a skip button

1 (2)Code L: color codes for pain severity on body map

1 (2)Code M: avatar for Dolores

1 (2)Code N: more questions in pain history

1 (2)Code O: more links to existing resources

1 (2)Code P: edit button for typed entries

1 (2)Code Q: improved speech to text

1 (2)Code R: Bluetooth keyboard

1 (2)Code S: easier to erase when drawing

1 (2)Code T: monthly tracking of progress

1 (2)Code U: additional games related to topics

48 (84)Theme C: benefits

19 (33)Code V: easy to use

12 (21)Code W: information useful

10 (18)Code W1: informative

1 (2)Code W2: helpful information

1 (2)Code W3: information had not been provided by health professionals

7 (12)Code X: options for user to interact, including drawing

2 (4)Code X1: interactive

3 (5)Code X2: multiple ways to respond

2 (4)Code X3: being able to draw responses

1 (2)Code X4: being able to speak to app

4 (7)Code Y: quick or efficient

4 (7)Code Z: easy to open up about issues or talk to

4 (7)Code AA: good layout or design

3 (5)Code AB: good tool or generalized app

1 (2)Code AC: mobile or easy to access

JMIR Form Res 2023 | vol. 7 | e47267 | p. 12https://formative.jmir.org/2023/1/e47267
(page number not for citation purposes)

Andrews et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Frequency countsa, n (%)

1 (2)Code AD: asked questions that may not think of

1 (2)Code AE: real-time response or feedback

1 (2)Code AF: interesting quiz

1 (2)Code AG: lets user make mistakes

1 (2)Code AH: speech to text accuracy

aNumber of participants whose comments were coded with a particular code or theme.

Discussion

Principal Findings
The utility of chatbots in the health care sector is an emerging
field of research. This study details the development and initial
pilot testing of a multimodality pain history assessment and
pain education chatbot (Dolores) designed to be used across
different age groups from early adolescence to adulthood. We
hypothesized that the acceptability ratings and feedback would
be comparable across different age groups following initial pilot
testing.

The overall acceptability ratings were high across the 3 age
groups examined (ie, adolescents, young adults, and adults),
and the effect of age group on all acceptability ratings was small
and not statistically significant. The positive feedback provided
to the open-ended questions also outweighed the negative or
constructive feedback. The participants provided positive
feedback on the multiple options available for interaction and
commented that the app was easy to use. Dolores was designed
to provide age-appropriate responses in terms of both content
and readability level using 3 settings (ie, for younger
adolescents, older adolescents, and adults). Dolores was also
programmed to accommodate different user communication
needs (eg, visual, speech, and text) and learning preferences
(eg, taking a quiz, browsing topics, and asking questions). The
current settings and options appeared appropriate, as only one
participant provided negative feedback regarding the app not
being targeted to the participants’age group (ie, an adult stating
that the app was a bit childlike). This is in contrast to a previous
study that has revealed that adolescents often feel that health
apps are designed for adults, impacting adoption intention [41].
The results of this study suggest that multimodality pain
education chatbots are suitable for use across the different age
groups examined.

Although most feedback was positive, 30% (18/57) of
participants made specific negative comments about Dolores’
speech, which was set to Siri Female (Australia) with a pitch
change of 50% and a speaking rate of 50% (Multimedia
Appendix 1). Participants reported that the speech rate was too
slow, the voice output was unpleasant, or Dolores pronounced
words incorrectly. Adults and young adults were statistically
less likely to comment on Dolores’ speech compared with
adolescent participants. However, the reason for this finding
remains unclear. As all age groups were equally likely to provide
comments in response to the open-ended questions, the results
could not be adequately explained by response bias.

One possible explanation for age-related differences in opinions
pertaining to Dolores’ speech may be related to human-robot
age congruity. Previous experimental research within the travel
industry has demonstrated that human-robot gender congruity
elicits more positive affect whereby participants are more likely
to rate their level of comfort in the service encounter higher if
the robot is perceived to be of the same gender as the participant
[42]. Similarly, in the retail industry, research has demonstrated
that matching consumer personality with congruent chatbot
personality has a positive impact on both consumer engagement
with chatbots and purchasing outcomes [43]. As the voice
selected for pilot testing resembled an adult’s voice, it may be
that adolescent participants were more likely to comment on
Dolores’ speech due to age-related incongruencies between the
participant’s own voice and Dolores’.

Alternatively, the desired level of anthropomorphism may
explain the association between age and negative comments
about Dolores’ speech. A narrative review of literature
comparing embodied with disembodied chatbots, used in a
variety of research fields, yielded contradictory results regarding
the effect of human likeness on user acceptability [44]. Current
research suggests that extreme anthropomorphic features may
lead to cognitive dissonance, whereas a chatbot with no human
identity could affect perceptions of trust and the quality of the
interaction [16]. However, research examining preferences
within pediatric and adolescent cohorts is lacking. It is possible
that there is a preference for more fictional personas, such as
animals or mythical creatures, within this age cohort. The Kids
and Family Reading Report [45], which sampled 2758 parents
and their children, revealed that children and adolescents aged
6 to 17 years are equally likely to learn life lessons from fictional
and nonfictional characters [45]. The types of characters children
and adolescents want in books reflect their own desired personal
attributes such as resilience, intelligence, bravery, and strength
[45]. No known research has explored the impact of using
different chatbot personas with adolescents or children in the
health field.

It is unclear how negative perceptions of a chatbot’s speech
might impact other acceptability constructs; there were no
age-related differences in the acceptability ratings in this study
for the construct engagement, perceived value, usability,
accuracy, responsiveness, adoption intention, esthetics, and
overall quality. It is possible that negative perceptions of
chatbots’ speech and persona might impact perceived
trustworthiness and long-term engagement, which were not
measured. In clinical settings, improved treatment outcomes
have been linked to the strength of the therapeutic alliance
between therapists and people seeking treatment for chronic
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pain [46], and perceived trustworthiness has been shown to be
important in therapeutic encounters [47]. Participants
recommended several minor adaptations to the Dolores app,
including mute options and adjustable voice and speech settings.
Although these adaptations may improve acceptability, further
research is needed to examine chatbot personality characteristics
that can optimize trustworthiness and long-term engagement in
adolescents.

Incorporating technology into health care for young people is
becoming increasingly recognized as an avenue for enhancing
care [48,49]. Long-term engagement with chatbots has the
potential to increase the ways young people can interact with
their health care and allow young people to exercise more
control over decisions related to their health [50,51]. Prior
research has found that young people aged <17 years exhibit a
mean of only 15% of all utterances during a specialist medical
appointment and that active participation is increased when
young people are engaged directly through a range of strategies
that allow them to speak about their daily life, make choices,
and indicate their preferences [52]. Chatbots may be highly
valuable tools for increasing engagement, communication,
understanding, and clinical outcomes in adolescents. Therefore,
further research on long-term chatbot use as an adjunct to
existing evidence-based interventions and services is warranted.

Limitations
The results of this study should be interpreted with consideration
of the following limitations. The sample size was small, and
only 2 clinical sites were used to recruit participants, limiting
the generalizability of the findings. A custom-made evaluation
questionnaire was created to ensure that the measurement was
suitable and easy to understand across all age groups. However,
this may have introduced measurement errors that affected the
confidence of the findings. A researcher was present during the

pilot testing to assist with any technical issues. This may have
affected chatbot engagement and acceptability due to the
Hawthorne effect. Participants were, however, explicitly told
that the researchers were only present to provide technical
support, and they were positioned out of direct sight to decrease
the influence of their presence on the participants’ behavior.
Broad categorizations were used for age grouping to facilitate
recruitment; however, definitions for “adolescent” and “young
adult” do vary. Children (ie, aged <10 years) and an older adult
group (eg, exclusively those aged >65 years) were not recruited
due to perceived difficulties in recruiting these cohorts at the
clinical sites participating in the study. All the participants in
this study indicated that they were at least slightly confident
when using smartphone apps. Younger children or older adults
may not have had any exposure to apps, with the potential to
reduce acceptability in those age groups. Investigating the
acceptability of pain education chatbots with older adults,
children aged <10 years, and populations with lower health and
digital literacy skills is an avenue for future research.

Conclusions
This study detailed the development and pilot testing of a
multimodality chatbot within the pain field. The study provided
support for the acceptability of pain education chatbots for
conducting a pain history assessment and delivering education
across age groups spanning from early adolescence to adulthood.
Adolescent participants were more likely to provide specific
negative comments on the chatbot’s speech compared with
adults and younger adults. Although chatbot acceptability may
be improved by enabling the self-selection of voice and speech
settings, more research is needed to understand how the
embodiment of chatbots can be optimized, with consideration
of audiovisual preferences relating to age and gender, to
facilitate long-term engagement as a complement to standard
care.
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Multimedia Appendix 1
Audio sample of Dolores’ speech from pilot testing the Dolores chatbot app in a chronic pain population.
[MP4 File (MP4 Video), 349 KB-Multimedia Appendix 1]
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Multimedia Appendix 2
Orientation to the Dolores app: cheat sheet that was used for pilot testing in a chronic pain population.
[PDF File (Adobe PDF File), 295 KB-Multimedia Appendix 2]

Multimedia Appendix 3
A custom-made evaluation questionnaire assessing acceptability constructs relevant to chatbots that was used for the pilot testing
of the Dolores chatbot app in a chronic pain population.
[PDF File (Adobe PDF File), 59 KB-Multimedia Appendix 3]
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