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Abstract: Digital mental health tools can collect vast amounts of data, but little research has been
conducted on the impact of visualizing and sharing these data with patients in a clinical setting.
In this study, semi-structured interviews were conducted via a HIPAA compliant platform with
10 patients and 5 clinicians in a digital mental health clinic about their experience with the integration
of personal data visualizations into care. These interviews, spanning from April 2023 to July 2023,
centered around the utility, meaningfulness, and clarity of the visualizations. The qualitative data
were subsequently analyzed through an inductive approach for thematic analysis. Themes identified
from patient interviews included the ability of visualizations to encourage reflection and action
while also providing validation and motivation. Both clinicians and patients noted the importance of
having an intermediary (digital navigator) to assist in interpreting the visualizations. The type of
visualization preferred by patients varied from patient to patient. Overall, our findings highlight the
value of utilizing visualizations in clinical care as a clear and effective way to communicate personal
health data to patients and clinicians, suggesting the benefit of continued co-design with all parties.
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1. Introduction

Since the COVID-19 pandemic, the popularity of digital mental health tools, specifi-
cally smartphones, has increased due to their scalability and convenience for managing
mental health conditions (Torous et al. 2020). Given that smartphones are able to capture
novel real-time, scalable, longitudinal data on behaviors (e.g., sleep, step count) and symp-
toms (e.g., surveys), interest in using these devices as new tools to develop a more holistic
picture of each individuals’ mental health has also expanded (Lenze et al. 2023). Often
called digital phenotyping (Torous et al. 2016), the potential of smartphones to gather novel
behavioral data has shown promising results in monitoring various illnesses ranging from
depression (Chang et al. 2023) to schizophrenia (Cohen et al. 2023). However, while these
data are the focus of numerous ongoing research efforts, they are rarely shared back with
participants and even less frequently used in clinical encounters. This is because despite
the potential offered by digital phenotyping, transforming raw data into meaningful and
actionable visualizations remains a less explored field of study.

The need for the visualization of digital phenotyping data is clear. As a simple example,
if a patient agrees to share access to their smartphone accelerometry and geolocation data
at 1 Hz so that clinicians can use those data to infer patters of sleep and home time, over
5 million data points would be captured in the course of one month. While summary
statistics such the average amount of sleep duration or home time are useful, visualizations
offer a compelling case for helping clinicians and patients share, explore, and discuss this
vast amount of data (van Os et al. 2017; Polhemus et al. 2022).

The current literature already supports the fact that data visualizations have the
potential to increase engagement and effectively communicate underlying trends in patient
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data (van Os et al. 2017; Polhemus et al. 2022). Recent studies on visualizations of personal
healthcare data indicate that visuals can help patients transition from low to high health
literacy, increase communication between patients and healthcare providers, facilitate more
informed healthcare decisions, and enable quicker data comprehension (Brewer et al. 2012;
Kim 2022). Additionally, effective visuals may enhance users’ trust and willingness to share
their smartphone data, as they are provided a transparent view of how this information is
being utilized and integrated into their care (Scheuer and Torous 2022).

Yet the unique nature of digital phenotyping data has resulted in, to date, limited
efforts to visualize them. Beyond the sheer size of the data, the temporal and per-
sonal/sensitive nature of the data present novel considerations. In a prior study, our
team found that effective data visualizations can increase patients’ understanding of digital
biomarkers (e.g., sleep, step count) and help patients feel more comfortable sharing these
biomarker data with care teams (Kim 2022). This demonstrates the utility of visualizations
for increasing patient comfort with data sharing. However, this study did not address the
personal utility that can be provided to both patients and clinicians when integrating data
visualizations with clinical care. In addition, many data visualizations have been tailored
primarily for healthcare providers (as was the case in this prior study), and less research
has been dedicated towards making visualizations more effective and accessible to patients
or understanding how visuals can benefit the provider–patient relationship (Faiola and
Newlon 2011; Daley et al. 2013; Stadler et al. 2016; West et al. 2014; Wilbanks and Langford
2014; Turchioe et al. 2019).

Given that there is not a “one-size-fits-all” rule for visualizations and little research
on the patient and clinician experience of visualizations utilized in mental healthcare, the
need for expanded research is clear. In this study, we aim to address this gap by conducting
interviews with both patients and clinicians about their experience with visuals being
integrated into their care. We hope to ascertain patients’ thoughts and feelings about visual
comprehension and usability as well as gain insights from clinicians about the benefits and
challenges of implementing these visuals during sessions with patients. Results will enable
the continued co-design of improved visualizations.

2. Materials and Methods
2.1. Procedures

Ten participants in this study were recruited from the Digital Clinic, a hybrid telehealth
clinic that treats patients with moderate-to-severe anxiety and/or depression at Beth Israel
Deaconess Medical Center (BIDMC) in Boston, MA. A paper detailing the specifics of the
Digital Clinic was previously published, showing some of the visualizations utilized in
the clinic (Macrynikola et al. 2023). Patients received care from the clinic for eight weeks.
For the first two weeks, they utilized a mental health smartphone app, mindLAMP, that
was developed by the Division of Digital Psychiatry at BIDMC. In addition to utilizing the
app, they met with a digital navigator. The digital navigator introduced patients to the
app and its features, encouraged the patient to complete assigned surveys and activities
within the app, and troubleshooted any technical issues. Over the following six weeks,
patients attended weekly sessions with their clinician to receive treatment in accordance
with the Unified Protocol while continuing to engage with the app and meet weekly with
their digital navigator. Through a predetermined timeframe of April 2023 to June 2023, all
patients (35) who concluded their treatment at the clinic were invited to participate in this
study during their last digital navigator meeting or through email. Twenty-five declined or
did not respond. Participant characteristics are depicted in Table 1. From June 2023 to July
2023, all five clinicians of the clinic were asked to participate. IRB approval was received
from Beth Israel Deaconess Medical Center (BIDMC IRB #2003P000231).
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Table 1. Participant characteristics.

Sample Characteristics N (%) Mean SD

Age (years), mean (SD) 37 10.7
Gender

Male 5 (50%)
Female 5 (50%)

Race
White 8 (80%)
Asian 2 (20%)

Total 10

2.2. MindLAMP and Cortex

The mindLAMP app collected both survey data and passive data from each patient’s
smartphone. Passive data are data collected by smartphone sensors and include metrics
such as step count, amount of time spent at home, and duration of sleep. Additionally,
participants received notifications to complete both daily and weekly surveys on the app.
Surveys measured various mental health indicators including mood, anxiety levels, and
quality of sleep. More information about the development of the app was previously
published (Vaidyam et al. 2022).

All of the visualizations were generated utilizing the programming language Python in
Jupyter Notebook. Cortex, a data analysis toolkit developed by the Division of Digital Psy-
chiatry at BIDMC, was utilized to extract data from mindLAMP/participants’ smartphones.
The documentation on and more information regarding Cortex can be found (Division
of Digital Psychiatry at BIDMC 2023). Once the data were extracted, visualizations were
created using the following Python libraries: Matplotlib (Hunter 2007), Seaborn (Waskom
2021), Plotly (Hossain 2019), and Vega-Altair (VanderPlas et al. 2018). Digital navigators
presented the visualizations of the data collected to the patients during in-person or video
visits in their course of care.

2.3. Researcher Characteristics

We acknowledge that researcher background may influence findings in qualitative
studies; as such, we provide a brief overview of the authors’ backgrounds. At the time of
the study, SC, LG, and NA were female research assistants working full-time in the same
digital psychiatry lab. Their work revolved around integrating smartphone technology
into mental healthcare. They were all under the age of 30 with college degrees. To reduce
bias, interviewers had no prior relationships with the participants.

2.4. Semi-Structured Interviews

All authors developed an interview guide collaboratively with a clinician familiar
with the Digital Clinic. The questions were designed to assess participants’ opinions of the
visualizations and whether these visualizations impacted their treatment. Each of the five
clinicians on the Digital Clinic team were also interviewed. Clinicians were presented with
visualizations from a patient they had worked with in the clinic who had already completed
care. Interview questions aimed to assess clinician’s opinions of the visualizations and
determine to what extent clinicians incorporated them into care. A copy of both interview
guides is provided in the Supplementary Materials (File S2).

LG, SC, and NA conducted the semi-structured interviews from April 2023 to July 2023
through a HIPAA-compliant virtual conferencing platform. Participants were informed that
they would be interviewed by a member of the Division of Digital Psychiatry at BIDMC
with whom they had not interacted before. Verbal consent was provided immediately prior
to the start of each interview.

Interviews began with each participant completing a six-question survey measuring
their graph literacy. The survey questions for this study were developed by LG and
SC and are attached in the Supplementary Materials (File S1). Each of the questions
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is multiple choice, and a higher score indicates higher graph literacy. To check their
understanding, participants were then asked to explain the types of data collected with
mindLAMP. Participants were shown visualizations of their data collected during their
time in the Digital Clinic. The types of visualizations fell under five categories; exemplary
graphs for each category are provided in Table 2.

Table 2. Chart types.

Visual Type Example

Passive Data Bar Graphs
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Table 2. Cont.

Visual Type Example
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2.5. Data Analysis

Interviews were recorded on password-protected smartphones and were transcribed
verbatim to password-protected hospital computers. All transcriptions were de-identified,
and all audio recordings were deleted after transcriptions were complete.

Qualitative data analysis was conducted through inductive thematic analysis in accor-
dance with Braun and Clarke’s framework (Braun and Clarke 2006). Initially, researchers
NA and SC familiarized themselves with the data by listening to the audio recordings
numerous times, re-reading transcripts, and noting down initial ideas. They then indepen-
dently coded the transcripts line by line, deriving codes inductively. Subsequently, NA and
SC reviewed their codes together and resolved any discrepancies through discussion with
all authors. NA and SC then grouped initial codes to produce larger themes, arriving at
similar themes. Themes were discussed by all authors and compared to interview tran-
scripts to ensure their encompassment of the data. The definition of each theme and the
analytical narrative were refined through discussions with all authors.

3. Results

Ten former Digital Clinic patients and five clinicians participated in interviews for this
study. The average length of patient interviews was 19 min. The average length of clinician
interviews was 15 min.

3.1. Patient-Focused Results
3.1.1. Quantitative Results

Patients were asked during their interviews if they understood the visualizations,
if they found the visualizations meaningful, and if they found the data presented in the
visualizations to be accurate. These results are presented in Table 3 below.

Table 3. Responses to questions asked during the interview.

Yes (%) No (%)

Understood the visualizations 9 (90%) 1 (10%)

Found the visualizations meaningful 9 (90%) 1 (10%)

Found the data/visualizations accurate 9 (90%) 1 (10%)
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3.1.2. Most/Least Meaningful Visuals

Visuals that were listed as most meaningful by patients included the longitudinal
symptom line graphs (listed by four participants); the correlation matrix the calendar
charts, and the passive data bar graphs (each listed by two participants); and the radar
plots (listed by one participant). One participant was not sure which visual they found to
be the most meaningful. The majority of patients (eight of ten) stated that all visualizations
were relevant. These results are presented in Figure 1.
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3.1.3. Graph Literacy Survey

All patients completed the graph literacy survey, with the results indicating high
graph literacy. Seven participants answered every question correctly. Three participants
each answered a different question incorrectly.

3.1.4. Thematic Analysis

Thematic analysis identified three themes: (1) prompt reflection and action, (2) the visu-
als provided validation and motivation, and (3) the need for a digital navigator. Exemplary
quotes are provided in Table 4 below.

Patients reported that the data visualizations had a myriad of impacts such as prompt-
ing them to reflect on past experiences, validating current emotions, visualizing any
progress made during treatment, confirming trends between behaviors and their mood
that they had already been aware of, and helping highlight new trends. Many reported
that the visualizations accurately reflected personal events. This enhanced emotional and
behavioral awareness empowered patients towards actionable change, motivating some to
pursue receiving more care opportunities during and after their time in the Digital Clinic.

To fully utilize the potential benefits described above, patients reported the need for
digital navigators. Many patients discussed the importance of putting data into a personal
context, which digital navigators are equipped to do. Several patients also preferred human
connection over reliance on technology, which digital navigators help support. Finally,
digital navigators can initiate improvements recommended by patients, which include
simplifying some of the visualizations, providing more in-depth explanations of data
collection earlier in treatment, and troubleshooting technical difficulties.
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Table 4. Thematic analysis results.

Theme Quote

Prompt reflection
and action

I like that they just create a record and show trends because with depression
and anxiety you can get into a little bit of a fog sometimes and they just show
like I said the trends and they can also show milestones and if you’re feeling
like you’re doing better and you’re actually doing better and not just in
your head

The various surveys were really helpful to see like the trends within those
because I had a lot of personal things going on during this time that I was in
this that were really stressful in different ways and being able to see how
those outside events were like directly related like if I went back and looked
at the timing was helpful

I mean it shows on a screen something that I might not even notice is
happening or so it’s good to see it like that. If it’s not good stuff I change
it–my ways or whatever–to be better so it’s definitely interesting to see it

Again, I guess because it just defines when you are feeling something at the
moment you don’t really maybe can define it but then when you look back
you can think about it a little bit more and try to understand what’s happening

Validation and
motivation

It was just incredibly validating. It just confirmed that my response was
consistent to the sort of severity of the circumstances.

The graphs just kind of proved it to me that the sleep disturbances were
really affecting how the depression affected me during the day. [. . .] So that
was important when I saw that sleep was definitely a big effect on the long
COVID and the depression and everything.

Need for digital
navigator

I’ve done these kinds of surveys before. Not very often, but I’ve had my data
collected before because I’m quite the complicated patient. People like to
study me. I think this one [study] was very nice though because I got a very
good explanation of the data afterwards. And that made the difference. That
it wasn’t straining to figure out what all the information meant

Thank you for taking the time to go through the results. Especially the last
three charts so now I feel like my life has changed, so thank you.

I mean like it’s definitely helpful if someone can explain what the graph
means for you and maybe can point out, maybe you have this problem
sleeping at this like this particular time period

3.2. Clinician-Focused Results

Due to the small sample size of five, the clinician interviews are summarized individu-
ally. The clinicians were a mix of M.S. in Counseling Psychology students, a clinician with
a PhD in Health Psychology and Clinical Sciences, and a Counseling Psychology Doctoral
candidate.

Clinician 1:
This clinician noted that the majority of the graphs were understandable and intuitive.

They observed that the visualizations initiated “conversation points”, and “In terms of
patient care, [the visualizations have] brought new opportunities to notice different patterns
as well as showing somebody’s progression in treatment.” However, despite the additional
insights the visuals provided, the clinician did not utilize them in clinical settings often.

Clinician 2:
This clinician stated that they understood the visualizations and would look at radar

plots before patient sessions. Sometimes, they would look at other visuals if directed
towards those by the digital navigator. For patients with “large fluctuations” in symptoms,
the clinician found it helpful to review their patient’s past survey scores. They did not
incorporate visualizations including passive data into care, noting that patients did not
bring up issues or goals related to passive data features, and also brought up behaviors
such as nail picking which were not reflected in the visualizations.
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Clinician 3:
This clinician stated that they understood the visualizations but still found the digital

navigator insights helpful and would discuss the trends noted by the digital navigator
with patients. The accuracy of the visualizations was high, but dependent upon patient
engagement and compliance with app data and survey collection.

Clinician 4:
This clinician found that the visualizations were easy to understand with the exception

of the graphs combining passive and active data (combined line and bar graph). While
the clinician understood that graph, it was not as digestible, requiring more time to “come
out with anything meaningful”. They found that the reports rarely, if ever, augmented
patient care. This clinician did show patients their longitudinal symptom improvement,
but overall preferred to use the visualizations less due to lack of ease in bringing them into
care. They deemed the visualizations to be somewhat accurate. Regarding usability, this
clinician reported the visualizations were easy to read, giving a score of 9/10.

Clinician 5:
This clinician reported the visualizations to be, in general, understandable. They

found the visualizations “motivational” and “stimulating” for patients and that they could
be utilized to help patients work towards their goals. In particular, looking at the radar
plots helped the clinician make decisions about how they introduced the course of care or
approached building certain skills with the patient. They mentioned that the visualizations
sparked conversations and, given the Digital Clinic’s short course of care, helped to guide
and focus the patient’s treatment. They noted that, in some cases, they were wary of how
bringing up certain visualizations may impact patients or cause them to become frustrated
due to perceived lack of progress.

4. Discussion
4.1. General

In this study, we assessed how both patients and clinicians use digital phenotyping
data visualizations in the context of mental healthcare. The majority of patients found the
personalized data visualizations to be understandable, meaningful, and accurate. Upon
qualitative data analysis of participants’ interviews, three central themes were identified:
(1) prompt reflection and action, (2) validation and motivation, and (3) the need for a digital
navigator.

The first theme, “prompt reflection and action”, underscores the potential for visual-
izations to encourage deeper self-reflection and proactive behavioral changes, a finding that
is consistent with the current literature (van Os et al. 2017; Polhemus et al. 2022; Grossman
et al. 2018). These visual tools allow patients to monitor symptoms longitudinally and
better understand digital biomarkers (Scheuer and Torous 2022) and outcomes (Grossman
et al. 2018). Our results support these findings as 9 of 10 of the participants reported
comprehending their data, with some also appreciating insights gained from the visual-
izations. Participants felt that the visuals not only enhanced their understanding of their
condition but also prompted them to reflect on their emotions and behaviors. This also
aligns with the previous literature, which suggests that data visualizations can provide
insights that may enhance emotional self-awareness, allowing individuals to better manage
their mental health. The second theme centered on the ability of visualizations to both
validate and motivate patients to make changes. Multiple participants felt validated upon
seeing their experiences visually represented. Clinician 5 also noticed that patients often
derived motivation from this practice, an observation in line with the current literature
(Wu et al. 2020). The visuals provide a tangible representation of patient progress and
challenges and encourage patients to actively engage in their treatment (Grossman et al.
2018). Currently, there is a lack of research on the impact of visualizations on patient
validation and motivation, two crucial components of care that can enhance therapeutic
outcomes and promote trust (Scheuer and Torous 2022; Henson et al. 2019). This represents
a promising area for future research.
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The need for a digital navigator was another theme that emerged in this study. Partici-
pants consistently shared that having someone explain the data visualizations and highlight
specific trends was helpful. Three clinicians (Clinicians 2, 3, and 4) echoed this sentiment,
further emphasizing the importance of digital navigator support in incorporating these
visuals into care, especially given the time constraints clinicians may face in reviewing visu-
alizations before clinical sessions. Our findings align with prior research which concluded
that data interpretation must be enhanced in order for the integration of patient-generated
health data into care to be successful. Digital navigators may be able to fill this gap. Our
findings also indicate that while the needs of each individual (patient or clinician) varied,
digital navigators can help bridge needs and ensure that the visualizations are understand-
able, relevant, and interpreted in the proper clinical and cultural context. This has profound
implications for the role digital navigators could play in increasing healthcare equity as
technology assumes a more dominant role in healthcare. Despite all participants scoring
highly on the graph literacy survey, some still reported difficulty in understanding the data
in a way that was relevant to their everyday lives. Digital navigators can alleviate this
burden on patients by explaining the data and visualizations to the patient. In a field such
as psychiatry where different activities and habits may affect individuals in different ways,
personalized data interpretation is even more critical. Overall, our findings introduce an
additional dimension to the existing literature, which supports having digital navigators or
other human support in the integration of technology into mental healthcare (Noel et al.
2019; Ben-Zeev et al. 2015; Mohr et al. 2019).

In addition to the three main themes, there were other notable findings around the
consensus of preferred visualization or the potential for harm.

There was no clear consensus on the type of graph or diagram preferred by participants
or clinicians. This corroborates past studies that visualizations should not be approached as
“one-size-fits-all;” rather, different methods of visualizing data may be useful for different
people depending on their background and goals (Polhemus et al. 2022; Wu et al. 2020).

Overall, clinicians reported that the majority of visualizations were understandable
and provided new insights about the behaviors and symptomology of their patients.
Clinicians found the visualizations useful for initiating conversations with patients, tracking
symptom progress, and motivating patients. Three clinicians (Clinicians 1, 3, and 5)
specifically referred to the visuals acting as conversation points or prompts. This illustrates
the potential for visualizations to be clinically useful by assisting the clinician in broaching
certain questions or conversation topics.

While the sharing of health data often imparts benefits, our results do raise concerns
about potential harm. For example, Clinician 5 expressed concerns about the impact
certain visualizations may have on some patients (i.e., patients becoming frustrated due
to a perceived lack of progress as displayed in visualizations). The visual representation,
particularly of heightened depression or anxiety symptoms, could inadvertently exacerbate
a patient’s condition. Although the specific negative repercussions of having access to data
visualizations have yet to be explored, similar challenges have been brought up in regard to
Open Notes. Preliminary evidence has shown that Open Notes, the now common practice
of patients having unhindered access to their clinical notes, has the potential to cause harm
via the nocebo effect (Blease 2022). This supports the need for a digital navigator who can
assist patients in interpreting visualizations, ensuring that they are a beneficial tool rather
than a source of distress. As digital phenotyping methods continue to generate more data,
further efforts to assess its role and impact in treatment will be necessary. In particular,
studies could be conducted to investigate any potential negative impacts of patients having
access to such visualizations.

4.2. Limitations

This study has limitations. All participants scored very highly on the graph literacy
survey, which may indicate that our results may be biased towards people with a higher
baseline of graph literacy. Furthermore, participant characteristics did not represent the
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general population, affecting the generalizability of the results. Finally, as the Digital Clinic
is a telehealth-based hybrid care model, results may not be transferable to populations
receiving in-person care. Future research with larger and more diverse sample sizes across
diverse clinical settings is essential to gain a deeper understanding of the potential role of
visualizations in healthcare.

5. Conclusions

With the large amounts of data available today through digital phenotyping, finding
ways for patients and clinicians to benefit from these data is paramount. Utilizing visualiza-
tions in clinical care offers an effective and digestible way for both patients and clinicians
to observe patterns and trends that can help inform care and promote independent patient
growth. Due to the vast number of variables that can be collected from smartphones, as
well as people having different levels of graph literacy, having an intermediary such as
a digital navigator who can help both patients and clinicians interpret visualizations is
crucial in order for the visuals to have the maximum benefit.

Supplementary Materials: The following supporting information can be downloaded at: https:
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