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Abstract

Background: The development of digital health tools that are clinically relevant requires a deep understanding of the unmet
needs of stakeholders, such as clinicians and patients. One way to reveal unforeseen stakeholder needs is through qualitative
research, including stakeholder interviews. However, conventional qualitative data analytical approaches are time-consuming
and resource-intensive, rendering them untenable in many industry settings where digital tools are conceived of and devel oped.
Thus, a more time-efficient process for identifying clinically relevant target needs for digital tool development is needed.

Objective: The objective of this study was to address the need for an accessible, simple, and time-efficient aternative to
conventional thematic analysisof qualitative research datathrough text analysis of semistructured interview transcripts. In addition,
we sought to identify important themes across expert psychiatrist advisor interview transcripts to efficiently reveal areas for the
development of digital tools that target unmet clinical needs.

Methods: We conducted 10 (1-hour-long) semistructured interviews with US-based psychiatrists treating major depressive
disorder. The interviews were conducted using an interview guide that comprised open-ended questions predesigned to (1)
understand the clinicians' experience of the care management process and (2) understand the clinicians’ perceptions of the patients
experience of the care management process. We then implemented a hybrid analytical approach that combines computer-assisted
text analyses with deductive analyses as an alternative to conventional qualitative thematic analysisto identify word combination
frequencies, content categories, and broad themes characterizing unmet needs in the care management process.

Results. Using this hybrid computer-assisted analytical approach, we were able to identify several key areas that are of interest
to clinicians in the context of major depressive disorder and would be appropriate targets for digital tool devel opment.
Conclusions: A hybrid approach to qualitative research combining computer-assisted techniques with deductive techniques
provides a time-efficient approach to identifying unmet needs, targets, and relevant themes to inform digital tool development.
This can increase the likelihood that useful and practical tools are built and implemented to ultimately improve health outcomes
for patients.
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Introduction

Digital health tools have the potential to advance health care
efficiency, precision medicine, and patient health outcomes.
Yet even the most high-performing digital tools using
cutting-edge artificial intelligence and machine learning
techniques arelikely to be shelved if they do not address shared
prioritiesamong stakeholders[1] and their associated real-world
unmet needs, leaving the promise of artificial intelligence and
machine learning in health care underrealized [2]. There are
currently 350,000 digital health apps worldwide that aim to
address a range of functions (eg, condition management,
wellness and prevention, and patient experience) and health
conditions (eg, diabetes [3], neurological conditions [4], and
psychiatric illnesses [5,6]). However, most of these apps are
not regulated or clinically validated, and most are not widely
used or integrated into clinical practice[7,8]. Although evidence
suggests digital health tools are acceptabl e to both patients and
clinicians, there are diverging needs, priorities, and attitudes
among stakeholder groupswithin the digital tool ecosystem[1].

Gathering insights from key stakeholdersis an essential step to
ensure the development of digital tools that meet the needs of
both patients and clinicians toward the goa of providing
high-quality patient-centered care [9,10]. Using upstream
stakeholder engagement methods can reveal actionable—but
otherwise unforeseen—needs for targeted design and
development of clinically impactful patient-facing digital tools
with increased potential for widespread adoption [11,12].
Previous work has shown the benefits of qualitative research
to assess hypothetical smartphone apps with content and
function designs[13,14]. However, that work does not consider
the motivation, or genuine need, for the app. Here we focus on
the use of upstream qualitative research to first identify areas
of real-world unmet need to serve as the foundation for
hypothetical smartphone app ideation, design, and prototyping.

Quialitative research often involves designing and conducting
agroup of individual interviews and applying thematic analysis
to transcripts of the resulting data. Conventional thematic
analysis typically involves multiple researchers reviewing a
subset of interview transcripts to identify themes [15]and
developing a hierarchical system (codebook) of themes and
subthemes (codes) to apply to sections of text (segments). The
results of a conventional thematic analysis are typically
presented in a table with broad summary themes, nested
subthemes, and illustrative quotes from interview transcripts.
The process of constructing the codebook can be
time-consuming (eg, 3-5 times the amount of time taken to
collect the data needed to review each interview [16]),
subjective, and not always replicable [17,18].

While conventional thematical approaches are powerful for
extensive investigations into a particular research area, amore
time-efficient, scalable, and reproducible method is needed for
digital health tool developers working in industry to swiftly
identify key areasfor the development of clinically meaningful
tools. Indeed, in many settings of the digital health ecosystem,
it is not feasible for researchers to dedicate substantial time to
complete conventional thematic analysis. In some cases, it might
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be more appropriate to apply an automated text analysis that
can be easily implemented by researchers, developers, and
clinician scientists [19] to guide the identification of unmet
needs and potential solutions. For example, recent work has
applied text analysis to large qualitative research data sets to
quickly identify common themes based on word frequency
analysis[20-22]. Word combination frequency analysis provides
a data-driven and repeatable approach to quickly identify
frequently mentioned topics acrossa set of qualitativeinterview
transcripts and potentially reduce the introduction of personal
bias. Such approaches enable a faster and more convenient
method to analyze a large amount of qualitative text data
obtained from interviewswith stakehol ders[23]. Further, hybrid
approaches that combine conventional thematic analysis with
a data-driven inductive approach have the potential to leverage
the strengths of both methods [24]. Importantly, such
computer-assisted approaches to upstream qualitative research
can be applied to engage and research any stakeholder group,
including patients, to inform the development of clinically
meaningful digital tools.

Given the limitations of conventional qualitative
analysis—including the substantial time required for theme
development—we demonstrate the utility of a hybrid approach
leveraging the simplicity and accessibility of text analysis to
identify stakehol der themesto support theinitial stage of concept
development for digital health tools. Specifically, we applied
word combination analysisto aset of semistructured interviews
with US-based psychiatrists specializing in treating outpatients
with major depressive disorder (MDD) to reduce the amount
of text for thematic analysis fivefold to facilitate uncovering
common themes and unmet needs of clinicians and patients
across advisors. We opted to demonstrate the use of simple text
analysis over some of the more advanced natural language
processing techniquesto increase accessibility to those without
advanced backgroundsin coding or computational techniques.
We propose that this approach could serve as a straightforward
and repeatable framework to identify unmet needs before
concept devel opment and implementation. We will discuss our
findings around unmet needs in treating MDD and how this
might affect digital tool development in psychiatry as an
end-to-end demonstration of this method.

Methods

Ethical Consider ations

The interviewed psychiatrists were originally recruited for
market research purposes using the Guidepoint Expert Network
(Guidepoint Global). The BRANY Institutional Review Board
determined this study was exempt from review under category
4ii in 45 CFR 46.104(d). Participants were compensated for
their time and participation. All reported data were stored in
password-protected databases accessible only to approved study
personnel.

Recruitment and Data Collection

We used purposive criterion sampling to recruit 10 US-based
psychiatrists specializing in treating MDD outpatients in a
variety of practice settings, including academic medical centers
and teaching hospitals, community-based mental health clinics,
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and private practices spanning urban and rural settings in the
United States (Table 1). With only 2 exceptions, we recruited
and interviewed psychiatrists who spent most of their time
(=50%) on direct MDD outpatient patient care and who had 10

Table 1. Stakeholder characteristics and treatment settings.

Worthington et al

or more years of experience postresidency. The interviewed
psychiatrists were originaly recruited for market research
purposes using the Guidepoint Expert Network (Guidepoint
Global).

Stakeholder setting/lUSregion  Clinic experience (years)

Direct patient care (%

Outpatient facing (%time) ppp?2 patient load (pa-

time) tients/week)

Academic medical center or university teaching hospital

Northeast 25 75 75 120

West 25 90 80 250

Southwest 20 30 99 20
Community hospital

Midwest 25 95 50 35

Southwest 10 98 60 35

Southwest 7 100 50 50
Group or private practice

West 28 95 95 35

Southwest 13 95 100 40

Mid-Atlantic 13 20 85 50

West 12 100 100 30

3 DD: major depressive disorder.

Regarding sample size, previouswork suggests most qualitative
research data sets reach saturation—the point during data
collection in which themes begin to repeat, new insights begin
to wane, and future data collection becomes
redundant—between 9 and 17 interviews [25]. Moreover, our
inclusion criteria were designed to recruit a relatively
homogenous sample of experienced clinicians speciaizing in
outpatient MDD care, aswedid not require any between-subject
comparisons.

One researcher conducted individual, 1-hour, single-blinded,
semistructured, recorded audio interviews following a
predesigned interview guide (Multimedia Appendix 1). The
interview guide was designed to include open-ended questions
primarily targeted at understanding the clinicians’ experience
in care management for MDD as well as the clinicians
perceptions of patient experiencein care management for MDD.
Weused MAXQDA AnayticsPro 2022 (version 22.1.1; VERBI
GmbH) [26] to process and analyze the quality-checked
interview transcripts (their official website provides help with
using specific features). However, one can use other available
software or open-source approachesto execute the simpleword
combination text analysis steps bel ow.

https://formative.jmir.org/2024/1/e48894

Data Preparation and Overview

All transcription text segments were auto-coded as either
“interviewer” or “advisor,” depending on the speaker. Only
“advisor” text was used during the text analysis stage.

Thedata-driven hybrid approach to identifying relevant themes
involved a 4-step process (Figure 1): (1) During the
computer-assisted stage, use MAXQDA (or other) softwareto
identify the most frequent n-grams (n-word word combinations,
n=2+ words) across the interview data set. (2) Extract the
sentences containing each of those n-grams, along with the
preceding and succeeding sentences relative to the sentence
containing each n-gram. (3) During the “hybrid stage,” work
iteratively with at least 1 other researcher to read and reread
each computer-extracted text segment in order to inductively
identify key content categories and assign a content category
label to each text segment until 100% agreement is reached
among researchers. Discordant content category assignments
among researchers can be resolved during discussion. (4)
Finally, in the “deductive stage,” manually examine the full list
of key content categories to develop overarching themes and
nest the key content categories under the broader themes
characterizing priorities in the process of care management in
treating MDD.
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Figurel. Visua depiction of the hybrid data-driven method to identify key themes and content categories. The dashed lines denote the 2 key differences
between conventional thematic analysis and the present approach: a computerized text reduction step and a set of n-grams and their corresponding
guotes that provide an organizing layer to assist with manual identification and the development of content categories.
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| dentifying Word Combinations

First, we used the “word combination” feature in MAXQDA
to identify the most frequently used phrases in the advisor’s
responses. We used MAXQDA, but any software capable of
word combination analysis can be used. We used n-word
combinationsinstead of single-word frequenciesto increasethe
specificity of themeidentification. Within the search parameters,
we required the resulting words to be at least 4 characterslong.
All words were lemmatized in English, and we applied the
MAXQDA English language stop list [27] to remove articles,
conjunctions, and other words likely to be redundant in the
analysis. We additionally added word combinations that
co-occurred with our disease state of interest to the stop list (eg,
“major depression” and “mental health”), asthese were unlikely
to yield meaningful insights. Next, we filtered the resulting
word combination frequencies to word combinations that also
appeared in a majority (at least 60%) of the interviews. We
opted for amagjority threshold cut-off based on our sample (word
combinations that appeared in at least 60% of interviews) to
limit the subsequent research steps to a more focused set of
word combinations that were not likely spoken just by random
chance (ie, <50%). Our goal was to maximize the chance of
developing a solution that would be impactful for the majority
(>50%) of clinicians. However, depending on the goals, users
may elect to use different thresholds. For completion, word
combinations that appeared in 50% or more of the interviews
are shown in the* ldentifying Word Combinations’ section, but
only those that appeared in 60% or more of the interviewswere
included in the subsequent analysis.

Broadly, this first step served as a data-driven text analysis to
identify commonly discussed themes or frequent expressions
when discussing the care management process of the disease
dtate of interest. Identifying key phrases used across stakeholders
in a sample can give a sense of widely applicable needs and
daily experiences. Identifying n-grams or word combinations
is the crucia time-saving inductive step; however, to build
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meaning around the phrases, we recommend identifying key
content areas by conducting follow-up deductive analyses of
the context surrounding the word combinations.

I dentifying Key Content Categories

Next, we extracted the resulting n-grams and their surrounding
context for further analysis of the context in which these word
combinations were uttered. Specifically, for each n-gram, we
extracted the sentence containing the n-gram along with the 2
sentences before and after the appearance of each n-gram to
provide context.

Next, 2 researchers systematically read the sentences
surrounding each extracted word combination to understand
the context in which the word combination was uttered. The
researchers then worked iteratively through discussion and
multiple independent readings to generate and assign relevant
content categories for each n-gram. For expediency, the 2
researchersreconciled discordant |abel sthrough discussion until
they reached 100% agreement. The researchers aimed to create
content category labels for each word combination with
definitions that were broad enough to accommodate multiple
text segments but specific enough to distinguish among text
segments from a given word combination. These
researcher-generated content categories ultimately reflected the
context surrounding the n-grams and provided a more in-depth
understanding beyond the n-grams alone. Extracting and
reviewing text around frequent and common n-grams helped to
both focus the reading and deductive analysis of the text and
substantially reduce the amount of text needed for review.

Next, we selected representative quotations for each content
category to provide canonical examples of each of the chosen
themes (Table S1 in Multimedia Appendix 2). This step
represents a bridge between the text-analytic approach and the
conventional deductive approach, in which researchers manually
evaluate all the text to determine the appropriate content
category represented in the segment. During this state,
researchers review the text segments and apply ther
subject-matter expertiseto sort the resulting text into subthemes.
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However, the text analytic step savestime and increases process
transparency by examining only the segmentsin each interview
wherethe n-gram appears. Thisshould ultimately limit the scope
of the analysis to pertinent segments constrained by the list of
word combinations established in the first step.

Researchers may choose to stop at this level of analysis and
proceed with the devel opment of digital tool conceptsif unmet
needs and potential challenges are adequately identified. The
word combinations and content categories may be substantial
enough to provide sufficient context to understand how to
proceed with digital tool development. Here, we further analyzed
theword combinations and content categoriesin order to identify
overarching themes, bringing the results of the hybrid method
even closer to those yielded from conventional analysis.

Developing Overarching Themes

Once the content categories were identified as described in the
previous step, key overarching themes emerged across the
content categories and word combinations. At this stage, we
also included word combinations that appeared in 50% of
interviews to help guide the identification of more robust
overarching themes that accommodated more word
combinations. During reading and analysis of the resulting
n-grams and their corresponding text segments, themes should

Worthington et al

start to emerge that may have been deduced using the more
conventional analysis approach. In essence, the word
combinations and key content categories established in thefirst
and second steps are essentially transposed to develop these
overarching summary themes, highlighting areas of need. In
this approach, the word combinations are reorganized and
presented with word combinations nested within broad summary
themes. The goa of thisfinal step isto summarize the findings
fromthefirst 2 stepsinto an aternative table structure that may
assist in conceptualizing unmet needs for patient-facing digital
tool development. By following the first 2 steps, theme
identification in this final step becomes a much more efficient
and transparent process as compared to a more conventional
approach.

Results

I dentifying Word Combinations

All word combinations appearing in 50% or more of the
interviews are shown in Table 2. Only bigrams resulted from
the analyses. There were no word combinations of =3 words.
For afull summary of word combinations, content categories,
detailed descriptions, and representative quotations, please refer
to Table S1 in Multimedia Appendix 2.

Table 2. Frequently used word combinations listed by the percentage of interviewsin which they were uttered and the total number of utterances across
all interviews. The table elements are listed in descending order by the percentage of interviews in which they were uttered.

Word combination

Percentage of the interviews containing theword combina  Total utterances of the word combination across all inter-

tion, % views, n
Side effect 100 49
Make sure 100 24
Family history 70 12
Primary care 60 18
Substance abuse 60 9
Energy level 60 7
Really want 50 10
Treatment plan 50 9
Treatment resistant 50 9
Come back 50 8
Bipolar depression 50 7
Facial expression 50 7
Suicidal thought 50 7
Family member 50 6
Petient come 50 6
Feel comfortable 50 5
Good thing 50 5

Critically, after extracting the sentences containing the set of
word combinations and their preceding and succeeding
sentences, we observed that the total advisor text word count
to manually review reduced to 21% of the original stakeholder
text word count, demonstrating the use of the approach to assist

https://formative.jmir.org/2024/1/e48894

with focusing theme extraction on key areas of text containing
n-grams (ie, the highly repeatabl e text reduction step).
Identifying Key Content Categories

After each researcher completed multiple readings of all word
combinations and their surrounding contextual sentences, upto
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5 content categoriesfor each word combination wereidentified,
resulting in atotal of 14 unique content categories across phrases
(Table S1 in Multimedia Appendix 2): administration, care
management, common side effects, conceptualization, desired
clinica information, differential  diagnosis, medical
comorbidities, medical history, medication monitoring and
management, patient experience, risk assessment, risk for
substance use, side effect monitoring, and treatment planning.
The researchers aimed for <5 content categories for each word
combination to balance specificity with generality. However,
this target can be changed to accommodate larger or smaller
studies that might require ahigher or lower threshold to balance
these goals. In total, there were 14 unique content categories,
as some content category labels emerged under multiple word
combinations (eg, care management emerged as a content

Worthington et al

category relevant to 2-word combinations, “side effects’” and
“primary care”).

Developing Overarching Themes

Inthefinal step, weidentified overarching summary themes by
transposing the word combinations and content categories
identified in steps 1 and 2. In this analysis, we included word
combinations uttered by 50% of advisors, which returned 11
additional word combinations (eg, “bipolar depression” and
“facia expression”). The full results expanding on these
overarching themes can be found in Table 3, with the word
combinations listed as relevant word combinations that support
content categories and overarching themes. Through this
process, we identified four overarching summary themes. (1)
evaluation, (2) medication decisions, (3) tracking symptom
progression, and (4) factors contributing to treatment adherence.

Table 3. Overarching themesidentified through transposing word combinations and content categories.

Overarching theme (with definition) and relevant key content categories

Relevant word combinations

Evaluation: Provider s expressed day-to-day challengesrelated to ruling out co-occurring psychiatric disorders (such as bipolar depression)
and medical comorbidities and that they would benefit from more data about their patients.

Differential diagnosis
Medical comorbidities
Risk assessment

Conceptualization

Desired clinical information

“bipolar depression”, “ make sure”, * substance use/abuse”
“make sure”, “primary care”
“suicidal thought”, “substance use/abuse”

“suicidal thought”, “treatment resistant”, “facial expres-
sion”, “family history”, “family member”

“substance use/abuse’, “ energy level”, “facial expression”

M edication decisions: Providersrevealed their treatment planning choices are driven by lever aging known medication side effectsto coun-
teract patient symptom profiles (typically based on baseline energy levels).

Medical history

Medication management and monitoring
Treatment planning

Patient experience

Common side effects

“patient come”, “primary care’

"o

“make sure”, “primary care”, “treatment resistant”
“treatment plan”, “energy level”
“side effect”, “feel comfortable”

“side effect”

Tracking symptom progression: Providerswere concerned about their lack of ability to track patient safety, triaging to a higher level of

care, and co-occurring substance use outside of the clinic.
Risk assessment
Risk for substance [ab]use

Side effect monitoring

“suicidal thought”
“substance use/abuse”
“side effect”, “energy level”

Factor s contributing to treatment adherence: Provider s highlighted the impact of adver se side effects on adherence and the critical role
family membersplay in both patient adherence and providing them with symptom insights.

Side effects
Patient experience
Care management

Administrative

“side effect”
“feel comfortable”, “side effect”, “come back”
“family member”, “primary care”

“come back”, “ make sure”

To create overarching themes, the researchers applied asimilar
process to the content category labels as they did to the word
combinations—identifying a label and definition that would
provide an appropriate umbrella term under which to nest
multiple of the key content categories. To illustrate how we
arrived at these broader themes, we will walk through the
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development of the“evaluation” theme. Analysis of theretrieved
segments in the sentences surrounding the word combinations
“bipolar depression,” “make sure” and “substance [ab]use”
converged on a content category best summarized as
“differential diagnosis.” Through a similar process, segments
surrounding the word combinations “suicidal thought,”
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“treatment resistant,” “facial expression,” “family history,” and
“family member” converged on a content category best
summarized as “conceptualization.” Ultimately, “differential
diagnosis’ and “conceptualization” fit together with “medical
comorbidities,” *“risk assessment,” and “desired clinica
information” under the broad and overarching theme of
“evaluation.”

Discussion

Overview

To ensure the development of clinically meaningful digital tools,
developers must address real-world, unmet stakeholder needs.
Understanding these needs at the outset of concept ideation and
tool development ensures that devel opers are solving the most
urgent challenges. Qualitative research is a powerful tool to
understand the daily experiences of patients and clinicians and
to better understand how potential digital tools will provide
value and integrate seamlesdly into a given environment. Here,
we presented a hybrid data-driven approach to facilitate
time-efficient discovery of unmet clinician needsto inform the
direction of digital tool development in health care settings.
With this approach, in the context of care managementin MDD,
we identified several key areasthat are of interest to clinicians
and would be appropriate targets for digital tool development.

Using Key Content Categoriesto I nform Digital Tool
Development

The key content categories are consistent with challenges
identified in theliterature, suggesting this approach can highlight
real-world problemsand point developersto further information
in previously unknown areas of research literature. For example,
the phrase “side effect” consisted of the following content
categories: treatment planning, side effect monitoring, care
management, patient experience, and common side effects.
Further investigation into the literature encompassing thistopic
provides additional support for the selection of this area as a
target of digital tool development. Burdensome treatment-related
side effects are a leading cause of nonadherence and
discontinuation of antidepressant medications [28] and have a
negative impact on treatment outcomes[29]. Patients frequently
experience side effects early in antidepressant treatment [30],
but alack of understanding of side effects [31] and barriersto
communicating these side effects to clinicians, especialy
primary care providers [32], lead to early discontinuation and
poor outcomes [29]. Some evidence exists that interventions
addressing these early barriersto adherence, which include side
effects, could improve adherence, communication between
patient and provider, and, ultimately, treatment outcomes
[33,34].

In the context of MDD care management, building digital tools
that address patient and clinician concernsrelated to side effects,
medication adherence due to side effects, and medication
decisions based on side effects might best address one aspect
of the current needs of clinicians as expressed through the
interviews. The strengths of digital toolsthat could beleveraged
in this context include facilitating side effect monitoring and
reporting in between visits using smartphone capabilities,
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increasing patients' understanding and expectations around side
effects with on-demand psychoeducation through amobile app
or customized website, increasing clinicians’ awareness of the
emergence of side effects through smartphone-based remote
monitoring, or increasing and enhancing patient-provider
communication through digital platforms.

Using a single topic as a guide for concept devel opment may
be a reasonable starting point for digital tool development;
however, it is important to consider other related content
categories that arise from this procedure. Incorporating other
themes or content categories may bolster theinitial concept and
increase the likelihood that patients or clinicians will adopt a
tool in clinical practice. In the context of MDD care
management, the content category “administration” emerged
as an important consideration for clinicians, signaling that
workflow and administrative components of care management
are also important to keep in mind while developing digital
tools to ensure consideration of practical integration into
workflows.

Incorporating New | deasWith Existing Best Practices

Overdll, the topics identified through the approach outlined in
thisstudy should line up with current thinking and best practices
around digital tool development in health care. This includes,
but is not limited to, prioritizing ethical considerations around
data sharing and privacy [35,36], considering the legal
implications of digital tool implementation [37], and considering
the balance between addressing unmet needs and integrating
tools into the current care management workflow [38]. While
identifying specific themes and content categories for a given
disease state will elucidate current unmet needs for clinicians,
established guidelines around digital tool development should
be included as well.

Limitations

The approach outlined in this study hasthe potential to facilitate
digital tool development across numerous clinical environments
due to its ease of use and relative efficiency. Nevertheless, the
comprehensive nature of conventional qualitative analysis may
yield more nuanced findings from stakehol der interviews using
amore deductive coding process. Moreover, limiting the amount
of text for analytical review to those sentences surrounding
frequent key word combinations across advisors is both a
strength and a limitation of this method. While this approach
increases efficiency, there could be a loss of sensitivity to
important learnings outside of the extracted text segments, as
well as some important one-off learnings uttered by only 1
advisor that could potentially be excluded from thetext extracted
for deductive analysis. Although the current sample size fals
within a reasonable range to reach theme saturation across
interviews[25], amore expanded sample size has the potential
to reveal even more insights and accommodate analysis by
psychiatry subspecialties (eg, addiction, child, adolescent, and
geriatric psychiatrists). Furthermore, given that this method
seeksto find consensus among spoken terms describing themes
and unmet needs among clinicians and patients, it is possible
that diverging opinions among stakeholders might be obscured.
Finally, athough the word combination anaysis is 100%
repeatable, further work would be needed to determine
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confirmability (ie, results confirmed by an independent set of
researchers) [39].

Future Directions

Here, wefirst interviewed clinicians because they are uniquely
positioned within the digital health ecosystem to simultaneously
identify and communicate patient needs, unmet clinician needs,
potential for real-world clinical impact, and influence patient
engagement with appropriate apps due to the trust patients place
in their clinicians [1,7]. One chalenge that blocks patient
engagement with relevant digital tools is integration into
clinician workflow [1], because clinicians have limited
bandwidth to integrate patient-facing digital tools into their
workflow. However, to ensure the most clinically relevant tools
are created for and with patients, future work is needed to
identify overlapping priorities between patients and clinicians.
The method outlined here could be applied to patient interviews
to reveal common and frequent unmet needs among patients.

The current framework provides afoundation for developersin
the technology space to identify concepts that are worthy of
further investigation and validation. Researchersfollowing this
framework may consider validating findings from this approach
through follow-up methods such as: (1) triangulation studies
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(eg, test for convergence of results from this framework with
focus group results or text from other sources, such as
peer-reviewed articles about MDD), (2) quantitative survey
methods, and (3) member-checking by presenting responses
with the results to confirm the interpreted data and identified
concept results resonate with their experience (respondent
validation) [40] before moving further into conceptualization
and prototyping.

Conclusions

We presented a hybrid computer-assi sted method for identifying
unmet needs expressed in semistructured interviews, which
provides an efficient and user-friendly approach to this problem.
The presented method offers some of the efficiencies of apurely
analytic approach (eg, topic modeling), whiletheincorporation
of manual analysis of the surrounding context sentences offers
some of the benefits of finding more interpretable and relevant
concerns, asin atraditional qualitative analysis. By contrast, in
topic modeling alone, researchers often consider thetopics (lists
of words) outside of their surrounding context when trying to
interpret their meaning. Thus, thishybrid approach falls between
these 2 approaches and givesdigital health researchersafeasible
approach for conducting upstream research to inform ideation
and the development of high-impact patient-facing digital tools.

The authors would like to thank the participating psychiatrists for their time and insights.

Conflictsof I nterest

All authors were employed at and had afinancial interest in AiCure, LLC, at the time of the studly.

Multimedia Appendix 1

Semistructured interview guide.
[DOCX File, 21 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Word combinations, key content categories, descriptions and representative quotations for word combinations appearing in at

least 60% of all interviews.
[DOCX File, 20 KB-Multimedia Appendix 2]

References

1. LylesCR,Adler-MilsteinJ, Thao C, Lisker S, Nouri S, Sarkar U. Alignment of key stakeholders' prioritiesfor patient-facing
toolsindigital health: mixed methods study. JMed I nternet Res. 2021;23(8):624890. [FREE Full text] [doi: 10.2196/24890]
[Medline: 34435966]

2. LiRC, Asch SM, shah NH. Developing adelivery sciencefor artificial intelligencein healthcare. NPIDigit Med. 2020;3:107.
[FREE Full text] [doi: 10.1038/s41746-020-00318-y] [Medline: 32885053]

3.  ShanR, Sarkar S, Martin SS. Digital health technology and mobile devices for the management of diabetes mellitus. state
of the art. Diabetologia. 2019;62(6):877-887. [FREE Full text] [doi: 10.1007/s00125-019-4864-7] [Medline: 30963188]

4.  Spreadbury JH, Young A, Kipps CM. A comprehensive literature search of digital health technology use in neurological
conditions: review of digital toolsto promote self-management and support. JMed Internet Res. 2022;24(7):€31929. [FREE
Full text] [doi: 10.2196/31929] [Medline: 35900822]

5. DausH, Kidicyn N, Heuer S, Backenstrass M. Disease management apps and technical assistance systems for bipolar
disorder: investigating the patients' point of view. J Affect Disord. 2018;229:351-357. [doi: 10.1016/j.jad.2017.12.059]
[Medline: 29331693]

6. SteareT, Giorgali M, Free K, Harju-Seppanen J, Akther S, Eskinazi M, et al. A qualitative study of stakeholder viewson
the use of adigital app for supported self-management in early intervention services for psychosis. BMC Psychiatry.
2021;21(1):311. [FREE Full text] [doi: 10.1186/s12888-021-03317-9] [Medline: 34147075]

https://formative.jmir.org/2024/1/e48894 JMIR Form Res 2024 | vol. 8| e48894 | p. 8

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=formative_v8i1e48894_app1.docx&filename=a2142095e671260e8b7bc406df3f62df.docx
https://jmir.org/api/download?alt_name=formative_v8i1e48894_app1.docx&filename=a2142095e671260e8b7bc406df3f62df.docx
https://jmir.org/api/download?alt_name=formative_v8i1e48894_app2.docx&filename=b37e865edf044b0cc928dd61adcf05ba.docx
https://jmir.org/api/download?alt_name=formative_v8i1e48894_app2.docx&filename=b37e865edf044b0cc928dd61adcf05ba.docx
https://www.jmir.org/2021/8/e24890/
http://dx.doi.org/10.2196/24890
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34435966&dopt=Abstract
https://doi.org/10.1038/s41746-020-00318-y
http://dx.doi.org/10.1038/s41746-020-00318-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32885053&dopt=Abstract
https://link.springer.com/article/10.1007/s00125-019-4864-7
http://dx.doi.org/10.1007/s00125-019-4864-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30963188&dopt=Abstract
https://www.jmir.org/2022/7/e31929/
https://www.jmir.org/2022/7/e31929/
http://dx.doi.org/10.2196/31929
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35900822&dopt=Abstract
http://dx.doi.org/10.1016/j.jad.2017.12.059
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29331693&dopt=Abstract
https://bmcpsychiatry.biomedcentral.com/articles/10.1186/s12888-021-03317-9
http://dx.doi.org/10.1186/s12888-021-03317-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34147075&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR FORMATIVE RESEARCH Worthington et al

7.  Gordon WJ, Landman A, Zhang H, Bates DW. Beyond validation: getting health appsinto clinical practice. NPJ Digit
Med. 2020;3:14. [FREE Full text] [doi: 10.1038/s41746-019-0212-7] [Medline: 32047860]

8. KernJ, Skye A, Krupnick M, Pawley S, Pedersen A, Preciado K, et a. Digital Health Trends 2021. IQVIA Institute for
Human Data Science. 2021. URL : https.//cens.cl/wp-content/upl 0ads/2022/02/Biblio-iqvieringditute-digital-health-trends-2021.
pdf [accessed 2024-02-08]

9. SantanaMJ, Mandlili K, Jolley RJ, Zelinsky S, Quan H, Lu M. How to practice person-centred care: aconceptual framework.
Health Expect. 2018;21(2):429-440. [FREE Full text] [doi: 10.1111/hex.12640] [Medline: 29151269]

10. Rathert C, Wyrwich MD, Boren SA. Patient-centered care and outcomes: a systematic review of the literature. Med Care
Res Rev. 2013;70(4):351-379. [doi: 10.1177/1077558712465774] [Medline: 23169897]

11. Corner A, Pidgeon N, Parkhill K. Perceptions of geoengineering: public attitudes, stakeholder perspectives, and the challenge
of "upstream" engagement. WIRES Climate Change. 2012;3(5):451-466. [doi: 10.1002/wcc.176]

12.  Tonekaboni S, Joshi S, Mccradden MD, Goldenberg A. What clinicianswant: contextualizing explainable machine learning
for clinical end use. Proc Mach Learn Res. 2019;106:359-380. [FREE Full text]

13. SilfeeV, WilliamsK, Leber B, Kogan J, Nikolajski C, Szigethy E, et al. Health care provider perspectives on the use of a
digital behavioral health app to support patients: qualitative study. IMIR Form Res. 2021;5(9):€28538. [FREE Full text]
[doi: 10.2196/28538] [Medline: 34529583]

14. Patoz MC, Hidalgo-Mazzei D, Blanc O, Verdolini N, Pacchiarotti |, Murru A, et al. Patient and physician perspectives of
a smartphone application for depression: a qualitative study. BMC Psychiatry. 2021;21(1):65. [FREE Full text] [doi:
10.1186/s12888-021-03064-x] [Medline: 33514333]

15. Boyatzis RE. Transforming Qualitative Information: Thematic Analysis and Code Development. Thousand Oaks, CA.
SAGE Publications; 1998.

16. MilesMB, Huberman AM, SaldafiaJ. Fundamentals of qualitative data analysis. In: Qualitative Data Analysis: A Methods
Sourcebook. Los Angeles, CA. SAGE Publications; 2020.

17. Woods M, Paulus T, Atkins DP, Macklin R. Advancing qualitative research using Qualitative Data Analysis Software
(QDAS)? Reviewing potential versus practicein published studiesusing ATLAS.ti and NVivo, 1994-2013). Soc Sci Comput
Rev. Aug 03, 2016;34(5):597-617. [doi: 10.1177/0894439315596311]

18. O’'KaneP, Smith A, Lerman MP. Building transparency and trustworthiness in inductive research through computer-ai ded
qualitative data analysis software. Organ Res Methods. 2019;24(1):104-139. [FREE Full text] [doi:
10.1177/1094428119865016]

19. RobertsK, Dowell A, Nie JB. Attempting rigour and replicability in thematic analysis of qualitative research data; a case
study of codebook development. BMC Med Res Methodol. 2019;19(1):66. [FREE Full text] [doi:
10.1186/s12874-019-0707-y] [Medline: 30922220]

20. Cope DG. Computer-assisted qualitative data analysis software. Oncol Nurs Forum. 2014;41(3):322-323. [doi:
10.1188/14.ONF.322-323] [Medline: 24769596]

21. Leech NL, Onwuegbuzie AJ. Beyond constant comparison qualitative data analysis: using NVivo. Sch Psychol Q.
2011;26(1):70-84. [doi: 10.1037/a0022711]

22. Branquinho C, Kelly C, Arevalo LC, Santos A, de Matos MG. "Hey, we a so have something to say": a qualitative study
of Portuguese adolescents and young peopl€'s experiences under COVID-19. JCommunity Psychol. 2020;48(8):2740-2752.
[doi: 10.1002/jcop.22453/v2/responsel]

23. Carter B GeeM, McllhoneH, Laly H, Lawson R. Comparing manual and computational approachesto themeidentification
in online forums: a case study of a sex work special interest community. Methods Psycho. 2021;5:100065. [FREE Full
text] [doi: 10.1016/j.metip.2021.100065]

24. Fereday J, Muir-Cochrane E. Demonstrating rigor using thematic analysis: a hybrid approach of inductive and deductive
coding and theme devel opment. Int JQual Methods. 2016;5(1):80-92. [FREE Full text] [doi: 10.1177/160940690600500107]

25. Hennink M, Kaiser BN. Sample sizes for saturation in qualitative research: a systematic review of empirical tests. Soc Sci
Med. 2022;292:114523. [FREE Full text] [doi: 10.1016/j.socscimed.2021.114523] [Medline: 34785096]

26. MAXQDA 2022. VERBI Software. Berlin, Germany.; 2021. URL: https://www.maxgda.com/ [accessed 2024-02-08]

27. MAXQDA 2020 manual: stop lists. VERBI Software. 2020. URL : https.//www.maxgda.com/hel p-mx20-dictio/stop-lists
[accessed 2022-06-30]

28.  Pompili M, Venturini B, Pdlermo M, Stefani H, Seretti ME, Lamis DA, et al. Mood disorders medications: predictors of
nonadherence—review of the current literature. Expert Rev Neurother. 2013;13(7):809-825. [doi:
10.1586/14737175.2013.811976] [Medline; 23898852]

29. Braund TA, Tillman G, Palmer DM, Gordon E, Rush AJ, Harris AWF. Antidepressant side effects and their impact on
treatment outcome in people with major depressive disorder: aniSPOT-D report. Transl Psychiatry. 2021;11(1):417. [FREE
Full text] [doi: 10.1038/s41398-021-01533-1] [Medline: 34349116]

30. van Geffen ECG, van der Wal SW, van Hulten R, de Groot MCH, Egberts ACG, Heerdink ER. Evaluation of patients
experiences with antidepressants reported by means of a medicine reporting system. Eur J Clin Pharmacol.
2007;63(12):1193-1199. [FREE Full text] [doi: 10.1007/500228-007-0375-4] [Medline: 17874086]

https://formative.jmir.org/2024/1/e48894 JMIR Form Res 2024 | vol. 8| e48894 | p. 9

(page number not for citation purposes)


https://doi.org/10.1038/s41746-019-0212-z
http://dx.doi.org/10.1038/s41746-019-0212-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32047860&dopt=Abstract
https://cens.cl/wp-content/uploads/2022/02/Biblio-iqvia-institute-digital-health-trends-2021.pdf
https://cens.cl/wp-content/uploads/2022/02/Biblio-iqvia-institute-digital-health-trends-2021.pdf
https://europepmc.org/abstract/MED/29151269
http://dx.doi.org/10.1111/hex.12640
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29151269&dopt=Abstract
http://dx.doi.org/10.1177/1077558712465774
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23169897&dopt=Abstract
http://dx.doi.org/10.1002/wcc.176
https://proceedings.mlr.press/v106/tonekaboni19a.html
https://formative.jmir.org/2021/9/e28538/
http://dx.doi.org/10.2196/28538
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34529583&dopt=Abstract
https://bmcpsychiatry.biomedcentral.com/articles/10.1186/s12888-021-03064-x
http://dx.doi.org/10.1186/s12888-021-03064-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33514333&dopt=Abstract
http://dx.doi.org/10.1177/0894439315596311
https://journals.sagepub.com/doi/10.1177/1094428119865016
http://dx.doi.org/10.1177/1094428119865016
https://bmcmedresmethodol.biomedcentral.com/articles/10.1186/s12874-019-0707-y
http://dx.doi.org/10.1186/s12874-019-0707-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30922220&dopt=Abstract
http://dx.doi.org/10.1188/14.ONF.322-323
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24769596&dopt=Abstract
http://dx.doi.org/10.1037/a0022711
http://dx.doi.org/10.1002/jcop.22453/v2/response1
https://www.sciencedirect.com/science/article/pii/S2590260121000229?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S2590260121000229?via%3Dihub
http://dx.doi.org/10.1016/j.metip.2021.100065
https://journals.sagepub.com/doi/10.1177/160940690600500107
http://dx.doi.org/10.1177/160940690600500107
https://linkinghub.elsevier.com/retrieve/pii/S0277-9536(21)00855-8
http://dx.doi.org/10.1016/j.socscimed.2021.114523
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34785096&dopt=Abstract
https://www.maxqda.com/
https://www.maxqda.com/help-mx20-dictio/stop-lists
http://dx.doi.org/10.1586/14737175.2013.811976
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23898852&dopt=Abstract
https://doi.org/10.1038/s41398-021-01533-1
https://doi.org/10.1038/s41398-021-01533-1
http://dx.doi.org/10.1038/s41398-021-01533-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34349116&dopt=Abstract
https://europepmc.org/abstract/MED/17874086
http://dx.doi.org/10.1007/s00228-007-0375-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17874086&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR FORMATIVE RESEARCH Worthington et al

31.

32.

33.

35.

36.

37.

38.

39.

40.

Jaffray M, Cardy AH, Reid IC, Cameron IM. Why do patients discontinue antidepressant therapy early? A qualitative study.
Eur J Gen Pract. 2014;20(3):167-173. [FREE Full text] [doi: 10.3109/13814788.2013.838670] [Medline: 24160364]

Bull SA, Hu XH, Hunkeler EM, Lee JY, Ming EE, Markson LE, et al. Discontinuation of use and switching of antidepressants:
influence of patient-physician communication. JAMA. 2002;288(11):1403-1409. [FREE Full text] [doi:
10.100V/jama.288.11.1403] [Medline; 12234237)

Sirey JA, Banerjee S, Marino P, Bruce ML, Halkett A, Turnwald M, et al. Adherence to depression treatment in primary
care: arandomized clinical trial. JAMA Psychiatry. 2017;74(11):1129-1135. [FREE Full text] [doi:
10.1001/jamapsychiatry.2017.3047] [Medline: 28973066]

Corden ME, Koucky EM, Brenner C, Palac HL, Soren A, Begale M, et al. MedLink: a mobile intervention to improve
medication adherence and processes of care for treatment of depression in general medicine. Digit Health.
2016;2:2055207616663069. [FREE Full text] [doi: 10.1177/2055207616663069] [Medline: 29942564]

Burr C, Morley J, Taddeo M, Floridi L. Digital psychiatry: risks and opportunities for public health and wellbeing. IEEE
Trans Technol Soc. 2020;1(1):21-33. [doi: 10.1109/TTS.2020.2977059]

Martinez-Martin N, Greely HT, Cho MK. Ethical development of digital phenotyping tools for mental health applications:
Delphi study. IMIR Mhealth Uhealth. 2021;9(7):e27343. [FREE Full text] [doi: 10.2196/27343] [Medline: 34319252]
Garell C, Svedberg P, Nygren JM. A legal framework to support development and assessment of digital health services.
JMIR Med Inform. 2016;4(2):el7. [FREE Full text] [doi: 10.2196/medinform.5401] [Medline: 27226391]

Mathews SC, McSheaMJ, Hanley CL, Ravitz A, Labrique AB, Cohen AB. Digital health: a path to validation. NPJ Digit
Med. 2019;2:38. [FREE Full text] [doi: 10.1038/s41746-019-0111-3] [Medline: 31304384]

Korstjens |, Moser A. Series: practical guidance to qualitative research. Part 4: trustworthiness and publishing. Eur J Gen
Pract. 2018;24(1):120-124. [FREE Full text] [doi: 10.1080/13814788.2017.1375092] [Medline: 29202616]

Birt L, Scott S, Cavers D, Campbell C, Walter F. Member checking: atool to enhance trustworthiness or merely anod to
validation? Qual Health Res. 2016;26(13):1802-1811. [doi: 10.1177/1049732316654870] [Medline: 27340178]

Abbreviations

MDD: major depressive disorder

Edited by A Mavragani; submitted 10.05.23; peer-reviewed by M Gasmi, C Weir; comments to author 28.12.23; revised version
received 16.01.24; accepted 17.01.24; published 01.03.24

Please cite as:

Worthington MA, Christie RH, Masino AJ, Kark SM

Identifying Unmet Needs in Major Depressive Disorder Using a Computer-Assisted Alternative to Conventional Thematic Analysis:
Qualitative Interview Study With Psychiatrists

JMIR Form Res 2024;8:e48894

URL: https://formative.jmir.org/2024/1/e48894

doi: 10.2196/48894

PMID: 38427407

©Michelle A Worthington, Richard H Christie, Aaron JMasino, Sarah M Kark. Originally published in IMIR Formative Research
(https://formativejmir.org), 01.03.2024. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in IMIR Formative Research, is properly cited. The complete
bibliographic information, a link to the original publication on https://formative.,jmir.org, as well as this copyright and license
information must be included.

https://formative.jmir.org/2024/1/e48894 JMIR Form Res 2024 | vol. 8| e48894 | p. 10

RenderX

(page number not for citation purposes)


https://www.tandfonline.com/doi/full/10.3109/13814788.2013.838670
http://dx.doi.org/10.3109/13814788.2013.838670
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24160364&dopt=Abstract
https://jamanetwork.com/journals/jama/fullarticle/195304
http://dx.doi.org/10.1001/jama.288.11.1403
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12234237&dopt=Abstract
https://europepmc.org/abstract/MED/28973066
http://dx.doi.org/10.1001/jamapsychiatry.2017.3047
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28973066&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/2055207616663069?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/2055207616663069
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29942564&dopt=Abstract
http://dx.doi.org/10.1109/TTS.2020.2977059
https://mhealth.jmir.org/2021/7/e27343/
http://dx.doi.org/10.2196/27343
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34319252&dopt=Abstract
https://medinform.jmir.org/2016/2/e17/
http://dx.doi.org/10.2196/medinform.5401
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27226391&dopt=Abstract
https://doi.org/10.1038/s41746-019-0111-3
http://dx.doi.org/10.1038/s41746-019-0111-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31304384&dopt=Abstract
https://europepmc.org/abstract/MED/29202616
http://dx.doi.org/10.1080/13814788.2017.1375092
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29202616&dopt=Abstract
http://dx.doi.org/10.1177/1049732316654870
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27340178&dopt=Abstract
https://formative.jmir.org/2024/1/e48894
http://dx.doi.org/10.2196/48894
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38427407&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

