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Editorial on the Research Topic
Digital therapeutics: using software to treat, manage, and prevent disease

The Research Topic, Digital Therapeutics: Using Software to Treat, Manage, and Prevent
Disease, was developed to build a collection of evidence that exhibits and incites
innovation of novel digital therapeutics (DTx) and their component technologies, and to
showcase outcomes that meet the needs of all stakeholders in the process of
commercializing digital therapeutics. This Topic and Editorial primarily focuses on the
US.A. market, although two articles are from teams in Canada, Germany, and
Switzerland, and is particularly timely given the state of technological progress and the
digital therapeutics industry.

We live in a time when digital technology has advanced such that interventions can be
delivered in a clinically meaningful way. Technology can now support high-fidelity data
collection (e.g., biometric, physiological, and kinematic), appropriate controls, feedback loops,
and detailed visual and auditory resolution—all to support the delivery of an intervention.
Macrotrends in healthcare also make it an ideal moment for this Research Topic: an increasing
momentum and focus on reimbursement of DTx, and the recent rise of telehealth due to the
COVID-19 pandemic. While this Topic focuses on DTx, defined by ISO/TR 11147:2023(en)
and the DTx Alliance as “...health software intended to treat or alleviate a disease, disorder,
condition, or injury by generating and delivering a medical intervention that has a
demonstrable positive therapeutic impact on a patient’s health,” (1, 2) other products and
services within the digital health ecosystem, including patient symptom monitoring and clinical
support tools, are included in this topic and represent the landscape within which DTx exist.

This Research Topic highlights work from commercial, academic, and collaborations
across both entities and includes a range of clinical and care populations including
depression, multiple sclerosis, opioid-based pain management, stroke, language, cognition,
dementia, and attention-deficit/hyperactivity disorder. Amongst the articles that describe
results of an intervention study, Kulikov et al. addresses the gap between need and access
to evidence-based services for adolescent mental health by presenting initial, positive,
evidence from a randomized controlled trial on the feasibility and acceptability of a
digital therapeutic, Spark, to treat depression in adolescents. Cuyler et al. finds that a
28-day home-based Capnometry Guided Respiratory Intervention could support symptom
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reduction and adherence in people with panic disorder and post-
traumatic stress disorder. DTx also offer an unprecedented view
into engagement patterns during treatment. Heusser et al.
describes a machine learning model that measures quality of user
interactions and intended use, and provides a helpful contextual
framing for DTx in the introduction, as well. Liu et al
characterizes the relationship between engagement/dosage and
improvements across 13 skill domains in people who had a
stroke that resulted in speech, language, and cognitive deficits,
finding that a higher dosage is related to greater improvement in
in-home therapy outcomes over 6 months.

Two articles provide original research related to tracking
symptoms and outcomes in real-time. Chen et al. sought to
that
objectively measured cognitive functioning in real time in people

“identify divergent factors influence subjectively and
with multiple sclerosis” and DiCarlo et al. finds that “SMS texting
is a feasible method for gathering outcomes after stroke at scale to
evaluate the efficacy of acute stroke treatments.” Two articles focus
on supporting the care team of patients. Melvin et al. provides a
“common nomenclature” to be used by clinicians and developers
to support interpretation and application of artificial intelligence
models. And Braun et al. describes PHREND®, an algorithm
updated with new data and can “predict freedom of relapse and 3-
months confirmed disability progression” to support decision-
making between patient and clinician.

Two articles provide forward-looking perspectives. In Watson
et al,, the authors elucidate the gaps within the evolving and
dynamic regulatory landscape for how prescription digital
therapeutics (PDTs) are currently evaluated for safety and
efficacy and regulated by the U.S. Food and Drug Administration
(FDA). Russo et al. presents a “theoretical background, rationale,
and development plans” for a music-based digital therapeutic to
manage agitation and anxiety in people with dementia.

Lastly, one article, Giravi et al.,, reviews the literature on the
“clinical evidence of digital interventions delivered via virtual reality
and mobile apps to improve opioid-based analgesia” and concluded
that they can improve pain scores compared to “treatment as usual”.

The editorial team experienced two learnings, in particular, that
might benefit the digital therapeutics industry to consider. First,
Institutional Review Boards (IRBs) are important partners in
conducting research in both non-commercial and commercial
contexts. If a company or research group intends to publish data
from commercial users of a product or service, it is important that
the researchers still submit their protocol to an IRB for exempt
status determination under 45 CFR § 46.104(d)(4), if using de-
identified data. This is ideally done prospectively before the data is
collected, but can also be done retroactively. Having an exemption
determination in-hand can help expedite the review process, and
could also be complemented by clear language in a privacy notice
or terms of service informing the user that their data may be used
for research and publication purposes.

Second, this Research Topic is missing research that includes
payers and implementation studies. In the future, we encourage
researchers to consider working with payers because of the
critical role they play in reimbursing digital therapeutics, and
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also conducting implementation research to identify and plan for
barriers to successful adoption. There were, however, several
that
institutions. For example, the team from Pear Therapeutics

articles represented  collaborations across types of
co-authored their manuscript with the Devices division at Sanofi,
a global pharmaceutical company (Watson et al.); the team at
Freespira worked with the Laboratory for the Study of Anxiety
Disorders at The University of Texas at Austin (Cuyler et al.);
Chen et al. involved a collaboration across Rutgers, University of
Illinois, and the Kessler Foundation; and Russo et al., involved a
collaboration across multiple universities in Toronto, LUCID
Inc., and Right to Music. These collaborations paint an evolving
picture of the collaborations needed to bring evidence-based
digital therapeutics that are rooted in good science and the
reality of bringing DTx to market.

In conclusion, the editorial team is grateful to everyone who
submitted their article for consideration in this important
Research Topic. The quality and breadth of research in this Topic
bolsters the foundation of evidence for not only the products and
services represented in this Research Topic, but also the digital
therapeutics industry at large. It is the editorial team’s earnest
hope that the work presented here will add to the momentum for
digital therapeutics to be adopted by the many stakeholders in

healthcare, including providers, payers, and patients.
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PHREND® —A Real-World
Data-Driven Tool Supporting Clinical
Decisions to Optimize Treatment in
Relapsing-Remitting Multiple
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Background: With increasing availability of disease-modifying therapies (DMTs),
treatment decisions in relapsing-remitting multiple sclerosis (RRMS) have become
complex. Data-driven algorithms based on real-world outcomes may help clinicians
optimize control of disease activity in routine praxis.

Objectives: We previously introduced the PHREND® (Predictive-Healthcare-
with-Real-World-Evidence-for-Neurological-Disorders) algorithm based on data from
2018 and now follow up on its robustness and utility to predict freedom of relapse and
3-months confirmed disability progression (3mCDP) during 1.5 years of clinical practice.

Methods: The impact of quarterly data updates on model robustness was investigated
based on the model’s C-index and credible intervals for coefficients. Model predictions
were compared with results from randomized clinical trials (RCTs). Clinical relevance was
evaluated by comparing outcomes of patients for whom model recommendations were
followed with those choosing other treatments.

Results: Model robustness improved with the addition of 1.5 years of data. Comparison
with RCTs revealed differences <10% of the model-based predictions in almost all
trials. Treatment with the highest-ranked (by PHREND®) or the first-or-second-highest
ranked DMT led to significantly fewer relapses (o < 0.001 and p < 0.001,
respectively) and 3mCDP events (p = 0.007 and p = 0.035, respectively) compared
to non-recommended DMTs.

Conclusion: These results further support usefulness of PHREND® in a shared
treatment-decision process between physicians and patients.

Keywords: multiple sclerosis (MS), personalized medicine, disease modifying agent, real word data, treatment,
effectiveness
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PHREND® to Optimize RRMS Treatment

INTRODUCTION

Shared clinical decision processes in multiple sclerosis (MS)
require multidimensional, complex interactions between
physicians and patients. There is an asymmetry in knowledge
between professionals and laymen regarding available MS
therapies, and it is difficult for physicians to clearly convey
differences between different treatment options to patients
during the limited time of the medical practice visit. This
can create diverging treatment expectations between patients
and physicians (1-3), impair shared decision processes, and
hinder necessary adherence. Personalized data driven clinical
prediction tools with informative visualization can facilitate
these discussions and improve the joint doctor-patient efforts
to implement the individually most effective DMT, yet no such
tools were available in the past for routine use.

One barrier to the development of efficient decision-support
tools is a lack of relevant data sources. Although the number
of choices of different disease-modifying therapies (DMTs)
for relapsing-remitting MS (RRMS) with diverse treatment
mechanism increases, information from randomized clinical
trials (RCTs) in RRMS usually remains limited to a single
head-to-head study with one of the available DMTs. The total
observation time within such trials is usually 2 years, and
no information can be derived regarding next-best treatment
options or allowing for patients’ preferences. The RCT’s two
active arms perspective thus provides only limited information
for overall longer-term treatment options and more complex
treatment requirements in an individual patient.

Real-world data (RWD) and advanced statistical methods are
utilized in growing numbers of comparative effectiveness studies
aiming to fill this gap (4-8), but also these efforts remain confined
to a retrospective cohort view and are not suitable to support
personalized decision strategies for clinical routine.

An alternative idea is to base models on “objective” measures
and clinical predictors, such as the biomarker neurofilament
light chain. This marker has indeed enabled first insights into
probable dynamics of relapsing remitting multiple sclerosis
(RRMS) also from a cohort perspective [for review see (9)]. It
has also shown predictive potential when measured as a post-
hoc response marker to DMTs (10). In addition, enzyme-linked
immunospot assay (ELISPOT) testing of B-cell activity has been
shown to successfully predict the likelihood of individual DMT
responsiveness to interferons or glatiramer acetate (11). Despite
these advances, it appears highly unlikely that single or sets of
biomarkers will become available in the foreseeable future to
support personalized treatment decisions in all MS patients and
for all DMTs.

To meet the multiple demands of improved communication
between patients and doctors and data-driven decision making
based on real-world experience, NeuroTransData (NTD) and
PricewaterhouseCoopers (PwC) embarked on the development
of a mathematical algorithm based on real-world data from the
NTD MS registry to calculate the probabilities of patients with
RRMS in diverse clinical situations to remain free of relapse and
free of 3 months confirmed disability progression (3mCDP) for
available DMTs.

A previous publication provided comprehensive information
on methods, validity and robustness of the predictive models
implemented in the web-based tool called “Predictive Health
Care with Real-World Evidence in Neurological Disorders”
(PHREND®) (12).

In brief, we implemented two hierarchical Bayesian
generalized linear models (GLMs) to predict the probabilities
of (a) freedom of relapse activity, (b) freedom of 3 months
confirmed disability progression (CDP) for every of the currently
available DMTs after a switch from a previous DMT. The
predictive framework was based on RWD collected in the
NTD MS registry consisting of clinical data including patient
characteristics and disease history. Predictors used for the
predictive models are: age, gender, duration of RRMS, previous
therapy and its duration, indicator if one of the two previous
therapies was second line, EDSS total score, number of relapses
within last 12 months, time since last relapse. Based on these
individual information probabilities for both effectiveness
parameters can be calculated for a prospective period up to 4
years, scalable at the discretion of the user.

Assessment of the model performance demonstrated that
both models provided robust and accurate predictions and that
both models generalized to new patients and clinical sites. The
predictive relapse model achieved an average out-of-sample C-
Index of 0.65 and an average out-of-sample mean squared error
(MSE) of 0.76 relapses. The predictive CDP model achieved an
average C-Index of 0.58 and an average out-of-sample MSE of
0.12 CDPs. Robustness against different choices of priors was
proven by the fact that changing the prior distributions did not
influence the predicted therapy ranking.

Accounting for individual clinical patient characteristics, the
resulting predictive probabilities are intended to be provided
during the discussion of potential change in DMT to support the
shared decision process between physicians and patients.

We herein report on the clinical value and further validation
of PHREND(®) with three new sets of results: (1) update of the
models’ performance over time, after more data of the ongoing
NTD MS registry collection has been added regularly to re-
train the models since the initial publication in 2020 (12), which
was based on a data cut from 2018; (2) external validation by
comparing of PHREND® predictions to RCT results based on
current models, including new DMTs which have entered the
German treatment landscape since the last data cut and were
subsequently integrated into the training sets of the model; (3)
new assessment of clinical relevance of the recommendations
based on whether patients received DMTs recommended by
PHREND® or not.

MATERIALS AND METHODS

Database and Parameter

NTD MS Registry

This study employed real-world data recorded in the NTD MS
registry. NTD is a Germany-wide network of physicians in the
fields of neurology and psychiatry that was founded in 2008. Each
practice is certified according to network-specific and ISO 9001
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criteria. Compliance with these criteria is audited annually by an
external certified audit organization.

Codes uniquely identifying patients are managed
by the Institute for Medical Information Processing,
Biometry and Epidemiology [Institut fir medizinische
Informationsverarbeitung, Biometrie und Epidemiologie (IBE)]
at the Ludwig Maximilian University in Munich, Germany,
acting as an external trust center. Written informed consent is
obtained from each patient providing data for the MS registry.
The data acquisition protocol described above was approved by
the ethical committee of the Bavarian State Medical Association
(Bayerische Landesidrztekammer; June 14, 2012, ID 12114) and
re-approved by the ethical committee of the Medical Association
of North-Rhine (Arztekammer Nordrhein; April 25, 2017,
ID 2017071).

Demographic and clinical parameters of MS patients are
captured in real time with an average of 3.7 Expanded Disability
Status Scale (EDSS) assessments per patient year. Data quality is
monitored by the NTD data management team, and data inputs
are checked for inconsistencies and errors manually and by using
an automated error-analysis program. Additionally, automated
and manually executed queries are implemented to check for
inconsistencies and request missing information. All data are
pseudonymized and pooled to form the NTD MS database.

Data Extraction Period, Numbers of

Patients

The current study is based on the same original dataset
as described in the previous publication (12) and additional
quarterly data cuts extracted from the NTD MS registry between
July 1, 2018 and October 2020. After quality control and
application of inclusion criteria as described (12), this dataset
includes 3,119 patients.

Predictive Models and Selection of

Predictors

PHREND®) supports treatment decisions for optimization of
treatment switches from a current DMT in RRMS, which needs
to be discontinued due to lack of efficacy or adverse events, to
another therapy. The minimum time between diagnosis of MS
and first application of PHREND® must be 6 months. Because
the EDSS scale is not linear across its entire range from 0
(“normal”) to 10 (“death due to MS”), PHREND® cannot be used
if the current EDSS is higher than 6. Based on individual patient
characteristics at the time of the intended switch, PHREND®)
provides predictive probabilities to remain free of relapse and
free of EDSS-based 3mCDP under the newly chosen DMT. The
probability of staying relapse-free is derived from modeling the
number of relapses following a negative binomial distribution
and subsequently computing the fraction of predicted count of
relapses that equals zero. The probability of staying 3mCDP-
free is derived from modeling it as a binary event. Both models
account for varying observation time in the training set [i.e., for
varying time on DMT (12)]. Information used for the calculations
comprises age, gender, EDSS, current therapy and duration of
current therapy, number of previous DMTs and information if

one of those was already a second-line treatment, time since
RRMS diagnosis, number of previous relapses in the last year,
and time since the last relapse. The choice of these parameters as
predictors was based (1) on availability of sufficient data to train
the statistical models on a representative population, (2) routine
collection in clinical practice as prerequisite for widespread
usability, and (3) proof of impact strength and usefulness of each
parameter on the prediction (12).

Internal Validation and Prediction Quality

Over Time

Underlying considerations, methods and results of first internal
validations of PHREND®) were previously communicated (12).
Here, the mean square error (MSE) as well as the negative
log-likelihood (NLL) are used to assess the goodness-of-fit of
the models (i.e., the deviation between observed and predicted
outcomes). The C-Index (0 to 1, where “1” indicates perfect
predictions) measures the discrimination accuracy of a model
and is defined as the proportion of concordant pairs (i.e.,
predicted outcomes match actual outcomes) divided by the
total number of possible evaluation pairs. All three of these
measures are computed in-sample and out-of-sample, where
either predictions for patients used for training the models or
for a set of new and unseen patients are evaluated to understand
the model’s generalizability. The credible intervals of the resulting
model coefficients are indicators for the prediction certainty (i.e.,
the smaller the more certain the prediction). They are computed
empirically, where a large set of models are fitted based on a
randomly sampled initialization, and subsequently the range of
each coefficient is described by credible intervals using the 90%-
intervals from the resulting sets of coeflicients. A small interval
shows that, despite randomly selected initial values, the observed
patient data for training is sufficiently informative to produce
similar coeflicients.

Because PHREND(®) is based on data extracted from the
routinely used ongoing NTD MS registry (13), there is a steady
increase of information (~1.3% increase of patient numbers
per quarter in the year 2020, data not shown here). Therefore,
PHREND®) is updated on a quarterly basis and prediction
quality over time is monitored. For this work, the performance
measures as described above were calculated repeatedly for
models trained on quarterly updates of the database up to and
including October 1, 2020.

External Comparison With RCTs

For external comparisons, PHREND® predictions were
compared to results of RCTs to assess consistency with current
research results. For this analysis, the published results of
the active treatment cohorts of the clinical trials CONFIRM
[dimethyl fumarate, glatirameracetate (14)], DEFINE [dimethyl
fumarate (15)], REGARD [interferon-f3, glatiramer acetate
(16)], TRANSFORMS [interferon-f3, fingolimod (17)], AFFIRM
[natalizumab (18)], CLARITY [cladribine (19)], OPERA I and
IT [ocrelizumab (20)] and TEMSO [teriflunomide (21)] were
chosen. For each study population, a comparable cohort in the
NTD MS registry was identified by aiming to apply the same
inclusion criteria as described in the corresponding study and by
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well the model generalizes to an unknown population.
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FIGURE 1 | Change in discrimination accuracy over time (C-Index) for the 3mCDP and the Relapse model, with the model performance based on the data extract
from July 2018 as reference point. The plots show an increase of discriminative performance over time for the relapse model, whereas the performance of the CDP
model initially dropped and only recovered during the last quarters analyzed for this work. Dashed lines show the performance change for the in-sample predictions,
i.e., the predictions for patients used for training the model, and solid lines show the performance change when predicting for unseen patients, i.e., they address how
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subsequently comparing mean values and standard deviations
of continuous and distributions of categorial parameter to
assure comparability of clinical and demographic baseline
characteristics between groups.

Probabilities of staying free of relapses and free of 3mCDP
within the clinical study timeframe were predicted using
PHREND®) models for the corresponding NTD MS cohorts,
and their means and 90% credible intervals were compared to
published results for each active treatment arm.

Clinical Robustness and Value

PHREND®) provides personalized ranking of predictions for
all DMTs available in Germany, which are ordered with respect
to either highest probability for the patient to be relapse- or
3mCDP-free (Figure 5). The clinical usefulness and superiority
of outcome of these recommendations made by PHREND®
was previously affirmed by comparing therapy effectiveness
for selected DMT cohorts where the recommended DMT was
prescribed vs. where another DMT was chosen (12).

The current analysis investigates three different scenarios
based on all DMTs simultaneously and independently of which
substance was ranked highest or lowest: (1) patients taking the
highest ranked therapy, (2) patients who took one of the two
highest ranked therapies, and (3) patients who took one of
the two least ranked therapies, always contrasted with results
from patients on any other of the lower or higher-ranked
treatments, respectively.

The comparability of patient groups in the analyses is ensured
by a preceding propensity-score-based weighted matching
(22) based on defined patient characteristics (age, time since
diagnosis, previous DMT, duration of previous DMT, number
of previous DMTs, indication if one of the previous DMTs was

a second line treatment, gender, EDSS, time since last relapse,
number of relapses in the last year). Relapse activity and 3mCDP
is plotted for both subgroups in boxplots.

Implementation of the PHREND®

Algorithm in a Web-Based Application

The web-based PHREND(®) application was developed using
a human-centered-design approach over ten design iterations,
in direct collaboration with doctors and patients to provide a
clear, intuitively understandable presentation of the calculations
for each DMT and the robustness of each probability. The
presentation needs to integrate options to reflect upcoming
questions in the shared decision process regarding their impact
on choices between DMTs. PHREND® can be used as a
standalone solution with clinical data being entered manually
per patient or as part of the patient management platform
DESTINY® (13) with automated data transfers.

RESULTS

Internal Validation and Prediction Quality

Over Time

The analysis shows that the span of credible intervals of
the models’ coefficients decreased consistently over time
(Supplementary Figures 1, 2). The discrimination accuracy (C-
Index) of the models over time [with the published performance
(12) as a reference point] increased for the relapse model for
both in-sample and out-of-sample predictions (Figure 1). After
an initial decrease, the discrimination accuracy for the 3mCDP
model also increased with the availability of new data, out-
performing the initially published model in the last quarter (out-
of-sample). The apparent increase of the performance in Oct
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2020 was driven by the inclusion of new treatments ocrelizumab  clinical study (Figure 2). Almost all differences were smaller

and cladribine, due to short observation time and informative  than 10% between the predicted and the real study results, with

priors used for training the models. This effect was observed to  the exemption for relapse activity with cladribine [CLARITY

even out in the subsequent quarters. (19)], and 3mCDP with glatiramer acetate [REGARD (16)] and
interferon-§ [REGARD (16)].

Comparison With External RCT Data

Clinical baseline characteristics (MS duration, age, EDSS, relapses

within previous 12 months, time since last relapse) were Clinical Consistency and Value

highly consistent between the NTD MS registry and RCT =~ PHREND®) provides a real-world data-driven ranking of

study populations (Supplementary Figures 3,4). Probabilities  therapies for both endpoints (see Figure 5). A the group level, the

predicted by PHREND®) for being relapse free and 3mCDP free  probability of staying relapse-free after propensity-score based

mostly approximated the results reported by the corresponding  weighting was statistically significantly higher (p < 0.001) for

25

1.5

ARR
(dashed line: average)

0.5 X

FALSE TRUE
Patient took highest ranked therapy

FIGURE 3 | Comparison of the annualized relapse rate after propensity score matching of groups for the relapse model, based on the disease courses as observed in
the registry. N = 495 of 3,119 patients took the highest ranked DMT recommended by PHREND (case “TRUE”). ARR was significantly lower in this group compared
to patients, who did not follow the reconditions and chose another DMT (“FALSE, N = 2,624”, p < 0.001). The blue points show mean ARR for each subgroup, with a
line to visualize the resulting slope.
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FIGURE 4 | Comparison of the annualized relapse rate after propensity score matching of groups for the relapse model, based on the disease courses as observed in
the registry. N = 1,165 of 3,119 patients took one of the first two DMTs recommended by PHREND (left), and N = 1,076 of 3,119 patients took one of the two least
ranked DMTs (right). The blue points show the mean ARR for each subgroup, with a line to visualize the resulting slope in comparison to patients with other DMT
decisions. ARR was statistically significantly lower when following the recommendation of the two highest ranked therapies (left, p < 0.001), and significantly higher for
patients on one of the two least ranked DMTs (right, p < 0.001).
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TABLE 1 | Comparison of therapy effectiveness for relapse and 3mCDP models in propensity score matched patient groups receiving DMTs recommended by PHREND

vs. other than recommended DMTs.

DMT* Model Slope coefficient® Sample size treated with Sample size p-value
recommended DMT* treated with other than
recommend DMT*
Highest ranked DMT Relapse —0.5193 495 2,624 <0.001
Highest ranked DMT 3mCDP —0.4544 570 2,549 0.007
First or second highest ranked DMTs Relapse —0.4130 1,165 1,954 <0.001
First or second highest ranked DMTs 3mCDP —0.2377 1,191 1,928 0.035
One of the two least ranked DMTs Relapse 0.3695 1,076 2,043 <0.001
One of the two least ranked DMTs 3mCDP 0.3018 952 2,167 0.009

@Derived from a survey-weighted negative binomial generalized linear model (Relapse) or a survey-weighted binomial generalized linear model (3mCDP), where negative sign indicates
lower disease activity. DMT*, one or more disease modifying therapies that were ranked according to description.

patients taking the highest-ranked therapy as opposed to any
other of the lower ranked treatments (Figure 3).

The results also showed statistically significantly lower annual
relapse rate (ARR) in patients who received one of the two
highest ranked DMTs as recommended by PHREND®) (n
1,954, p < 0.001), and statistically significantly higher ARR in
patients who had received one of the two least-recommended
DMTs (n 2,043, p < 0.001) (Figure4). Statistically
significant superiority was also found when the effects of
personalized DMT selection were evaluated for the risk of CDP
(Table 1).

Implementation of the PHREND®
Algorithm in a Web-Based Application

Probabilities of outcomes under each available DMT are
graphically displayed as natural frequencies in a ranked manner
according to the results of the predictive calculations (Figure 5).
This presentation of the probabilities corresponds to the current
state of research in medical communication and was tested to
be well understood by physicians and patients. The length of
the prediction period can be chosen between 2 and 6 years.
90% credible intervals are displayed for each prediction to
provide information on the homogeneity of the single results
and to demonstrate possible overlap between outcomes. The
smaller the interval, the more reliable is the prediction for
the individual patient. To support the workflow of the shared
decision process between physicians and patients, personal
preferences such as family planning, route of administration and
others can be incorporated. In these cases, not-suitable DMT
options are shaded to allow the demonstration of the impact of
certain preferences on the available DMT spectrum to choose
from and the possible consequences regarding effectiveness of
treatment options.

On-demand, deeper insights on the factors contributing to
a single prediction are provided on an extra page (Figure 6).
Results can be stored as PDF file as hand-out for the patient and
for documentation purposes in medical record systems.

DISCUSSION

The previously published, initial assessment of the model
performance demonstrated mathematically robust and accurate
predictions based on the C-index and MSE (12). Models
predicting freedom of relapse and of 3mCDP were shown to
generalize to new patients and clinical sites and were robust
against different choices of the priors and against sample size.
In the current work, the same measures were analyzed based
on quarterly updated database extractions, demonstrating the
robustness of the models’ predicted effectiveness probabilities
with about 1.3% per quarter new patient data over time and also
after the addition of the new DMTs cladribine and ocrelizumab.
In parallel with this evidence of increasing accuracy of the
models, the reliable performance of the model is demonstrated
herein though consistently decreasing spans of credible intervals
of the models’ coeflicients over time. These observations
underscore the essential necessity for ongoing monitoring of the
database and provide example metrics to ensure the models’
performance and consistency. With continued application of the
routines described herein, the beneficial effect of increasing data
on the quality of the predictive probabilities can be expected
to continue.

In an additional step toward external validation, this study
showed that differences were smaller than 10% between predicted
probabilities of PHREND®) for freedom of relapse activity and
3mCDP, respectively, in NTD MS registry real-world patient
cohorts compared with results from prospective RCT cohorts
in a total of 14 active arms derived from 8 RCTs. The evident
similarity of predictions of PHREND®) based on real-world data
and the published results from prospectively captured, blinded
data from RCTs provide a meaningful external confirmation of
the robustness of the algorithms employed. Observed differences
of the comparisons in relapse activity in the CLARITY study
(19) and 3mCDP in OPERA (20) and REGARD (16) trials
likely reflect differences in patient characteristics not captured
in the available cohort information, because pairwise single-
patient based matching was not possible. For example, CLARITY
(19) included 75% treatment-naive patients, while all patients
from the NTD MS registry were switching DMTs. Additional
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FIGURE 5 | PHREND display of resulting personalized predictions. The green horizontal bars show the individual probability of staying free of relapse (left column) or
free of 3MCDP (right column) in the chosen time period (upper left corner, here 4 years). Additionally, a 90% credible interval is displayed for each prediction, i.e., the
outcome is within this range with 90% probability. Disease modifying therapie’s generic names are displayed in the application.

external validations are planned to further explore the validity of
PHREND®) in an ongoing endeavor to understand and improve
predictive accuracy.

When comparing patients who, based on a combination
of clinical consideration and individual preferences, chose the
highest-ranked, or one of the two top-ranked DMTs, with
patients who did not, the clinical course in both approaches
was statistically significantly better regarding frequency of
relapse activity and 3mCDP than in the comparator group

with lower-ranked DMTs. Conversely, the opposite effect
was shown with statistically significantly negative effects on
both effectiveness parameter, if one of the two lowest-ranked
DMTs was chosen compared to the top-ranked DMTs by
the algorithm. This demonstrates the real-world accuracy
of the mathematical algorithm developed in identifying the
optimal DMTs in individual patients based on patient-specific
parameters and real-world practice situations. Further validation
is necessary with external non-NTD personalized patient data
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FIGURE 6 | PHREND display of parameter distribution and impact of biographic and medical factors on prediction. On the left side, the patient’s personal
characteristics are shown within the distribution derived from the whole patient population. On the right side, the impact of each characteristic of the patient for the
personalized prediction of being relapse-free and disability progression-free is shown.

to evaluate robustness and generalizability of the algorithm to
other datasets.

It is important to note that PHREND® does not intend
to automatize the medical decision process but to provide
additional information beyond cohort-based study results and
intuition. Integrated into the complex shared-decision process,
it empowers physicians and patients to select optimal DMTs
individually by providing data-driven, quantified outcome
probabilities. Initial feedback obtained from NTD clinicians and
patients indicate that the integration of PHREND®) into the
shared-decision process results in a more structured, rational
communication process, which can reduce fears and avoidance
patterns in patients and provide a base for a time-efficient
shared-decision process. It remains to be evaluated, how this
experience of a personalized transparent therapy decision can
contribute to patients’ motivation and adherence. Mandatory CE

certification for PHREND®) as medical tool is currently being
obtained. Registration for PREND(®) is restricted to physicians,
because it is an integral part of a medical process (https://www.
neurotransdata.com/en/destiny#phrend).
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As implementation of artificial intelligence grows more prevalent in perioperative
medicine, a clinician’s ability to distinguish differentiating aspects of these algorithms
is critical. There are currently numerous marketing and technical terms to describe
these algorithms with little standardization. Additionally, the need to communicate with
algorithm developers is paramount to actualize effective and practical implementation.
Of particular interest in these discussions is the extent to which the output or
predictions of algorithms and tools are understandable by medical practitioners. This
work proposes a simple nomenclature that is intelligible to both clinicians and developers
for quickly describing the interpretability of model results. There are three high-level
categories: transparent, translucent, and opaque. To demonstrate the applicability and
utility of this terminology, these terms were applied to the artificial intelligence and
machine-learning-based products that have gained Food and Drug Administration
approval. During this review and categorization process, 22 algorithms were found with
perioperative utility (in a database of 70 total algorithms), and 12 of these had publicly
available citations. The primary aim of this work is to establish a common nomenclature
that will expedite and simplify descriptions of algorithm requirements from clinicians to
developers and explanations of appropriate model use and limitations from developers
to clinicians.

Keywords: artificial intelligence, Al, machine learning, algorithm, FDA approval

INTRODUCTION

The list of medical uses for Artificial Intelligence (AI) and Machine Learning (ML) is expanding
rapidly (1). Recently, this trend has been particularly true for anesthesiology and perioperative
medicine (2, 3). Deriving utility from these algorithms requires medical practitioners and their
support staff to sift through a deluge of technical and marketing terms (3). This paper provides an
aid for separating the signal of utility from the noise of jargon.

This work proposes a straightforward nomenclature for describing the interpretability and
appropriate use of AI/ML products that will be intuitive to developers and clinicians alike.
The applicability and utility of this terminology of these terms is then applied to Food and
Drug Administration (FDA) approved AI/ML algorithms (1) with perioperative utility. Such a
standardized language may speed discussion and understanding among technical developers and
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clinical users. To this end, there are three standardized terms
for conveying interpretability and indicating the appropriate
use of systems and products based on AI/ML. The terms are
transparent, translucent, and opaque.

Opaque describes a system that (a) estimates non-linearly
applied parameters that require advanced analysis (external to
the product itself) to be understood, (b) estimates such a large
set of parameters that a human cannot interpret them unless
aided by a tool external to the product, or (c) provides a
prediction with no indication as to the reason for the prediction.
Translucent describes a product that incorporates non-specific
methods for assisting the end user in understanding possible
reasons for a prediction that would otherwise be categorized
as “opaque.” Transparent describes a product that estimates a
linearly applied parameter or relatively small set of parameters
and is implemented to indicate to the user how much each
feature influences the output or indicates the rationale for a
prediction (e.g., providing exact weights for features considered).
Alternatively, a transparent system’s prediction is easily verifiable
at the time the prediction is made using information the
system provides.

For example, consider a clinician wanting to predict future
glucose values for a patient (4). A careful developer for such
a model would be concerned with several factors including
whether the clinician desires simply a prediction (opaque) or
a prediction with an explanation (translucent or transparent).
If an explanation is needed, the developer may wonder how
specific to each patient the explanation needs to be. Would a
list of factors considered be sufficient (translucent), or does the
clinician need to know exactly how much each factor contributed
to the prediction for each patient (transparent)?

This imagined developer seeks to understand the level of
interpretability required for this algorithm. However, there is
also a tradeoff that the developer is considering. Requiring
more interpretability limits the types of algorithms that
can be used. The deep learning algorithms that currently
automate driving, image recognition, and recently folded protein
structure estimation (among many other things) tend to lack
interpretability (opaque). On the other end of the spectrum,
generalized linear models (such as logistic regression) tend
toward high interpretability (transparent) but often have less
accuracy than deep learning algorithms.

The situation also works in reverse. Consider a developer
attempting to explain a new model to a randomly selected
clinician. The clinician may wonder how an algorithm works
or why it makes certain predictions. For some products, such
questions are easy to answer (transparent). For others, it is
exceedingly difficult (opaque). And the distinction between
such systems at times seems arbitrary. Rather than developers
and clinicians continuously engaging in this discussion de
novo for every project and collaboration, presented here are
three standardized terms for conveying the interpretability and
indicating the appropriate use of AI/ML models—transparent,
translucent, and opaque.

These ideas behind the terms are not new (5-7). Phrases
such as “glass box,” (8) “white box,” (9) “gray box, (10)
“interpretable;” (11) “explainable,” (6, 8, 11-15) and “black box”

(8, 10-14) are often used to describe the complexity of algorithms
from a somewhat technical perspective. Proposed here are less
technically intended terms meant to describe the perspective of
the end user rather than the developer—a distinction discussed
later with several examples. In addition to being first and
foremost clinician-friendly, these terms are intended to convey
sufficient technical information to developers for understanding
the types of algorithms appropriate for the desired use case. Note
that these terms do not describe the underlying mathematics
of an algorithm or even the technical details of a particular
implementation; rather, they describe the experience of the
end user.

For readers familiar with technical usages of “black box,” (8,
10-14) our usage of opaque is similar with the exception it focuses
on the experience of the end user and what they reasonably know
or are presented with by a specific algorithm implementation.
For readers familiar with the concept of “Explainable Al the
“explainable” piece often refers to a secondary technology applied
to a trained AI/ML model that extracts information about why
the model makes certain predictions (6, 8, 11-15). An algorithm
that makes use of such a technology and shows the output
to an end user would be classified under our nomenclature
as translucent.

METHODS AND DEFINITIONS

The initial source of algorithms for consideration in this
review is a constantly updated online database of FDA-
approved algorithms. At the time of this writing, the database
contained 70 such algorithms (1). As reported by the primary
citation for the database (1), the majority of algorithms in this
database were approved with 510(k) clearance. Other approval
methods seen in the database are de novo pathway clearance
and premarket approval clearance. The database makes broad
categorizations of applicable fields for these algorithms. The
fields most represented are Radiology, Cardiology, and Internal
Medicine/General Practice.

Perioperative medicine is not explicitly mentioned in the
database. Therefore, the categorization of “perioperative utility”
in this review was made under the best judgment of the
authors. The primary purpose of this work, though, is to
establish a nomenclature, using the algorithms labeled as having
perioperative utility in examples of applying this terminology. Of
the 70 algorithms in the database, 22 were determined to have
perioperative utility.

Each record in the database includes the name of the
algorithm and the parent company. Using this information,
along with the details in the corresponding FDA announcements
themselves, journal reviewed articles describing the function of
these algorithms were sought. This search included—but was not
limited to—searching the parent company’s website for mentions
of journal articles. From this search, citations for 12 of the 22
algorithms were found.

The categories applied to these 12 algorithms were opaque,
translucent, and transparent. Tablel summarizes these
categories. Opaque describes a system that (a) estimates
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TABLE 1 | Summary of category definitions.

Category and example usage Defining features

Opaque

Concrete example: A clinician
desires a prediction of future
glucose values for a patient with

Estimates non-linearly applied
parameters that require advanced
analysis to be understood

OR estimates such a large set of

no need to understand how the parameters that a human cannot
prediction was made interpret them unaided
¢ OR provides a prediction with no
indication as to the reason for
the prediction
Translucent e Includes techniques for explaining

Concrete example: A clinician
desires a prediction of future

the predictions from an otherwise
opaque algorithm

glucose values for a patient with e Examples:
an explanation of what clinical e Plotting non-linear functions  of
factors were involved in making features

the prediction e Variable importance methods

e Providing a list of factors considered

Transparent

Concrete example: A clinician
desires a prediction of future
glucose values for a patient with
an explanation of exactly how
much each involved factor
contributed to the prediction for
each patient

Estimates a linearly applied parameter

or relatively small set of parameters

that indicate how much each feature

influences the output

OR indicates the specific rationale for

a prediction

e Example: providing the exact features
and weights responsible for a given
prediction

OR provides a prediction that is easily

verifiable at the time of the prediction

non-linearly applied parameters that require advanced analysis
(external to the product itself) to be understood, (b) estimates
such a large set of parameters that a human cannot interpret
them unless aided by a tool external to the product, or (c)
provides a prediction with no indication as to the reason for
the prediction. That is, an opaque system meets at least one of
the criteria (a), (b), or (c). The general theme of this definition
is whether the end consumer of the product’s prediction also
receives some measure of explanation as to why the specific
prediction was made. Succinctly, if the user does not receive such
an explanation, then the system is categorized as “opaque.”

Translucent describes a product that incorporates non-
specific methods for assisting the end user in understanding
possible reasons for a prediction that would otherwise be
categorized as “opaque.” Examples include plotting non-
linear functions of features, variable importance methods, and
providing a list of factors considered. The general theme for
the “translucent” category is that non-specific information about
factors influencing the prediction is provided.

A system predicting diabetes diagnosis that considers weight,
age and diet in its algorithm is translucent; if modified
to provide the relative weights of each of these factors in
making the diagnostic prediction, the algorithm would be
considered transparent. The first case provides non-specific
prediction factors (translucent) while the second includes specific
information for the end-user (transparent). Similarly, for image
recognition, placing the corresponding image (or wave form)

next to a predicted label or highlighting a segment of an image
corresponding to a prediction for image recognition would
be translucent. Again, the distinction between translucent and
transparent is non-specific vs. specific rationale for the prediction
from the perspective of the end user. For comparison, the term
explainable is used to describe tools used by a developer to
make the output of a product more easily interpretable (16-18).
While translucent conveys a similar idea, we emphasize that its
definition is from the perspective of the end user and the kind
of information a particular system based on an AI/ML algorithm
provides to them. For an exploration of various meanings and
uses of “Explainability” in the context of artificial intelligence and
machine learning, see the work by Bhatt et al. (17).

Transparent describes a product that estimates a linearly
applied parameter or relatively small set of parameters and
is implemented to indicate to the user how much each
feature influences the output or indicates the rationale for a
prediction (e.g., providing exact weights for features considered).
Alternatively, a transparent system’s prediction is easily verifiable
at the time the prediction is made using information the system
provides. Consider the previous example of system that predicts
a diabetes diagnosis and indicates BMI, age, and diet. This system
is translucent, but an algorithm that provides the weights used for
these features would be transparent.

EXAMPLES OF FDA-APPROVED
ALGORITHMS

Through the process described above, three of the 12 products
with a located citations and clear perioperative utility were
categorized as opaque (Table2). These are RhythmAnalytics
from Biofourmis Singapore Pte. Ltd., and the Guardian
Connect System from Medtronic. RhythmAnalytics along
with its underlying Biovitals Analytics Engine monitors,
which categorizes cardiac arrhythmias via a convolutional
neural network—a deep learning technique—that consumes
wavelet transforms and short-time Fourier transforms of
electrocardiogram (ECG) signals (19). Such a deep learning
technique is inherently opaque, as the number of weights and
their non-linear combination makes unaided understanding of
the reasons for a prediction not feasible. The Guardian Connect
System alerts users to interstitial glucose levels outside of a
specified range. The system offers two alert types, “threshold”
and “predictive.” The “threshold” alerts are transparent in that
they indicate if the sensor glucose reading is above or below
a threshold. The “predictive” alerts indicate whether glucose is
predicted to be outside the specified range within the next 10-
60 min (4). While the manufacturer’s user guide (20) explains that
these predictions are formula-based, prediction-based alerts are
provided using the name of the prediction, not the reasons for
the prediction. The categorizations presented here are based on
the information provided to a user when a prediction is provided.
Therefore, this system is opaque.

In the translucent category are products that provide a
prediction alongside an upfront list of features considered—
but no specific weights—or a non-specific visualization of signal
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TABLE 2 | System classifications.

Name of device or
algorithm

Online database description (1)

Description based on primary citation Classification

Biovitals analytics engine “Cardiac monitor”
Rhythm analytics

Guardian connect system

“Monitoring cardiac arrhythmias”
“Predicting blood glucose changes”

eMurmer ID “Heart murmur detection”

physlQ heart rhythm and “Detection of atrial fibrillation”

respiratory module

DreaMed “Managing type 1 diabetes”
ECG app “Detection of atrial fibrillation”
FibriCheck “Cardiac monitor”

Irregular rhythm notification “Detection of atrial fibrillation”
feature

WAVE clinical platform

EchoMD automated
ejection fraction software

“Monitoring vital signs”
“Echocardiogram analysis”

Caption guidance
acquisition of cardiac ultrasound images”

“Software to assist medical professionals in the

Detects prolonged QT interval (19) Opaque
Deep learning to classify rhythm (19) Opaque
Predicts glucose levels outside of the normal Opaque

range and gives predictive alerts (4, 20)

Determines if murmurs are innocent or Translucent
pathologic (22)
Uses patients’ own baseline to detect changes Translucent

(1)

Recommends insulin doses (23, 24) Translucent
Watch-based atrial fibrillation detection (25) Transparent
Smartphone atrial fibrillation detection (26, 27) Transparent
Smartphone irregular rhythm notification (28) Transparent
Remote vital sign monitoring and alerts (29, 30) Transparent
Helps place echo device. Calculates ejection Transparent
fraction (31)

Works with EchoMD above (31) Transparent

used in making the prediction. Of the 12 systems, three fit the
criteria for this category (Table 2). For example, the physIQ Heart
Rhythm and Respiratory Module from physIQ Inc. collapses
improving or declining factors related heart failure into a single
index. The signals related to this index are viewable by patients
and providers along with the corresponding calculated index
(21), which led to categorizing this algorithm as translucent.
Another cardiac monitoring product, eMurmer ID from CSD
Labs GmbH, predicts whether murmurs are pathologic. Along
with the prediction, the algorithm shows the systolic and diastolic
phases considered; however, the specifics of the predictions
“are protected under proprietary regulations,” (22) leading to
inclusion of this algorithm in the translucent category. Likewise,
the DreaMed algorithm from DreaMed Diabetes, Ltd., produces
reports with important features related to its insulin dose
recommendations (23, 24), placing it in the translucent category.

The remaining six (of 12) products fall in the transparent
category (Table 2). Of these, three are implementations of atrial
fibrillation detection that provide either annotated signals along
with predictions in the case of ECG App from Apple Inc. (25)
and FibriCheck from Qompium NV (26, 27) or use explicit “if...
then...” rules in the case of the Irregular Rhythm Notification
Feature from Apple Inc. (28). Similarly, the Wave Clinical
Platform from Excel Medical Electronics LLC provides vital sign
alerts based on a set of rules and provides the reason for the alert
when triggered (29, 30). Also, in the transparent category is the
EchoMD Automated Ejection Fraction Software which integrates
with the Caption Guidance system from Caption Health Inc. to
indicate when an a echocardiogram transducer is correctly placed
for the automated calculation of ejection fraction (31). Since the
reasons for the provided feedback are intuitively obvious (the
transducer is or is not physically placed correctly), these systems
are transparent.

Additional Examples and Future Work

Here we have applied our proposed common language to FDA-
approved algorithms, as initial examples of how these terms
might be used in clinical contexts. We recognize there are many
tools and devices in the world of perioperative medicine used
for patient care, education, research, quality improvement, and
operations. Covering all of these would be at least a book-
length task, well beyond the scope of this project. However,
we consider the next step in developing this nomenclature to
be a review article addressing the (additional) most common
algorithms for patient care. As a small sample, such a review
article might include products such as BIS (Bispectral Index)
(32, 33), Sedline (34), Datex-Ohmeda Entropy (35), and Edwards
Hemosphere (36).

Beyond these additional examples in perioperative medicine,
these terms are immediately extensible to other medical fields.
While all examples provided herein dealt with algorithms
surrounding surgery, note that the definitions themselves
(Table 1) are agnostic to any medical subfield.

Additionally, some commentary seems warranted with
respect to proprietary algorithms. Indeed, in this review, some
products were given opaque or translucent classifications,
which may change if the algorithmic details and/or source
code for such products were ever released by the intellectual
property owners. This dimension of the nomenclature whereby
a products categorization could be changed by a public release
of information further emphasizes that these terms are from the
perspective of the end user rather than technical details.

CONCLUSIONS

This work presents a nomenclature for describing algorithm
implementations and applies it to several examples in the
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literature. This terminology is composed of three high-level
categories: transparent, translucent, and opaque. These terms are
applied the point of view of the clinician. To indicate how these
terms can be used to categorize Al systems, AI/ML systems with
FDA are presented as examples. A database of these examples that
will be updated as new systems gain FDA approval is available
at https://sites.uab.edu/periop-datascience/algo-database.

This nomenclature aids in understanding the appropriate use
of models. In high-risk situation, the requirement for accuracy
may be paramount. Alternatively, in high-profile situations,
predictions may need to be explainable to stakeholders. For
example, the FDIC in the United States requires financial
institutions to develop “conceptually sound” (37) models. An
assessment of conceptual soundness would be easiest for
transparent models and most difficult for opaque models.

REFERENCES

1. Benjamens S, Dhunnoo P, Meskd B. The state of artificial intelligence-based
FDA-approved medical devices and algorithms: an online database. NPJ Digit
Med. (2020) 3:1-8. doi: 10.1038/s41746-020-00324-0

2. Mathis MR, Kheterpal S, Najarian K. Artificial intelligence for anesthesia:
what the practicing clinician needs to know. Anesthesiology. (2018) 129:619-
22. doi: 10.1097/ALN.0000000000002384

3. Maheshwari K, Ruetzler K, Saugel B. Perioperative intelligence: applications of
artificial intelligence in perioperative medicine. J Clin Monit Comput. (2020)
34:625-8. doi: 10.1007/s10877-019-00379-9

4. Abraham SB, Arunachalam S, Zhong A, Agrawal P, Cohen O, McMahon
CM. Improved real-world glycemic control with continuous glucose
monitoring system predictive alerts. J Diabetes Sci Technol. (2019) 15:91-
7. doi: 10.1177/1932296819859334

5. Lundberg SM, Nair B, Vavilala MS, Horibe M, Eisses M],
Adams T, et al. Explainable machine-learning predictions for the
prevention of hypoxaemia during surgery. HHS Public Access. (2019)
2:749-60. doi: 10.1038/541551-018-0304-0

6. Gunning D, Stefik M, Choi ], Miller T, Stumpf S, Yang G-Z. XAI-Explainable
artificial intelligence. Sci Robot. (2019) 4:eaay7120.

7. Sidey-Gibbons JAM, Sidey-Gibbons CJ. Machine learning in
medicine: a practical introduction. BMC Med Res Methodol. (2019)
19:1-18. doi: 10.1186/s12874-019-0681-4

8. Rai A. Explainable AI: from black box to glass box. | Acad Mark Sci. (2020)
48:137-41. doi: 10.1007/s11747-019-00710-5

9. Loyola-Gonzalez O. Black-box vs. white-box: understanding their advantages
and weaknesses from a practical point of view. IEEE Access. (2019) 7:154096—-
113. doi: 10.1109/ACCESS.2019.2949286

10. Feldman JM, Kuck K, Hemmerling T. Black box, gray box, clear box? How
well must we understand monitoring devices? Anesth Analg. (2021) 132:1777-
80. doi: 10.1213/ANE.0000000000005500

11. Gaur M, Faldu K, Sheth A. Semantics of the black-box: can knowledge graphs
help make deep learning systems more interpretable and explainable?
IEEE Internet Comput. (2021) 25:51-9. doi: 10.1109/MIC.2020.30
31769

12. Adadi A, Berrada M. Peeking inside the black-box: a survey on
explainable artificial intelligence (XAI). IEEE Access. (2018) 6:52138-
60. doi: 10.1109/ACCESS.2018.2870052

13. Zednik C. Solving the black box problem: a normative framework
for explainable artificial intelligence. Philos Technol. (2021) 34:265-
88. doi: 10.1007/s13347-019-00382-7

14. Rudin C, Radin J. Why are we using black box models in AT when we don’t
need to? A lesson from an explainable AI competition. Harvard Data Sci Rev.
(2019) 1:1-9. doi: 10.1162/99608{92.5a8a3a3d

15. Kundu S, Al in medicine must be explainable. Nat Med. (2021)
27:1328. doi: 10.1038/541591-021-01461-z

The primary values of common nomenclature are expediting
and simplifying descriptions of model requirements and
appropriate use between clinicians and developers.

AUTHOR CONTRIBUTIONS

RM performed the initial algorithm search and filtering and
prepared the first manuscript draft. MB, ED, and SJ helped
assess the perioperative utility of each algorithm and revised the
manuscript. AS suggested the framework for the project, helped
assess the appropriate category of each algorithm, and revised
the manuscript. DB helped organize the project team, helped
assess the perioperative utility of each algorithm, and revised the
manuscript. All authors contributed to the article and approved
the submitted version.

16. Holzinger A. From machine learning to explainable AL In: DISA 2018 -
IEEE World Symp Digit Intell Syst Mach Proc. Kosice, Slovakia (2018) 55-
66. doi: 10.1109/DISA.2018.8490530

17. Bhatt U, Xiang A, Sharma S, Weller A, Taly A, Jia Y, et al
Explainable machine learning in deployment. In: FAT* 2020 - Proc
2020 Conf Fairness, Accountability, Transpar. Barcelona, Spain (2020)
648-57. doi: 10.1145/3351095.3375624

18. Lundberg SM, Lee S-IL. A unified approach to interpreting model
predictions. In: Guyon I, Luxburg UV, Bengio S, Wallach H, Fergus
R, Vishwanathan S, Garnett R, editors. Advances in Neural Information
Processing Systems 30. Long Beach, CA: Curran Associates, Inc. (2017).
p. 4765-74. Available online at: http://papers.nips.cc/paper/7062-a-unified-
approach- to-interpreting- model- predictions.pdf

19. Rajput KS, Wibowo S, Hao C, Majmudar M. On Arrhythmia Detection by
Deep Learning and Multidimensional Representation. (2019). Available online
at: http://arxiv.org/abs/1904.00138

20. Medtronic. Guardian Connect. Medtronic (2017). Available online at: https://
guardianconnect.medtronic- diabetes.co.uk

21. Stehlik J, Schmalfuss C, Bozkurt B, Nativi-Nicolau ], Wohlfahrt P, Wegerich
S, et al. Continuous wearable monitoring analytics predict heart failure
hospitalization: the link-hf multicenter study. Circ Hear Fail. (2020) 13:
€006513. doi: 10.1161/CIRCHEARTFAILURE.119.006513

22. Lai LSW, Redington AN, Reinisch AJ, Unterberger M], Schriefl
AJ. Computerized automatic diagnosis of innocent and pathologic
murmurs in pediatrics: a pilot study. Congenit Heart Dis. (2016)
11:386-95. doi: 10.1111/chd.12328

23. Nimri R, Dassau E, Segall T, Muller I, Bratina N, Kordonouri O, et al.
Adjusting insulin doses in patients with type 1 diabetes who use insulin
pump and continuous glucose monitoring: variations among countries and
physicians. Diabetes Obes Metab. (2018) 20:2458-66. doi: 10.1111/dom.
13408

24. Nimri R, Oron T, Muller I, Kraljevic I, Alonso MM, Keskinen P, et al.
Adjustment of insulin pump settings in type 1 diabetes management: advisor
pro device compared to physicians’ recommendations. J Diabetes Sci Technol.
(2022) 16:364-72. doi: 10.1177/1932296820965561

25. Turakhia MP, Desai M, Hedlin H, Rajmane A, Talati N, Ferris T, et al.
Rationale and design of a large-scale, app-based study to identify cardiac
arrhythmias using a smartwatch: the Apple Heart Study. Am Heart J. (2019)
207:66-75. doi: 10.1016/j.ahj.2018.09.002

26. Selder JL, Proesmans T, Breukel L, Dur O, Gielen W, van Rossum AC,
et al. Assessment of a standalone photoplethysmography (PPG) algorithm
for detection of atrial fibrillation on wristband-derived data. Comput Methods
Programs Biomed. (2020) 197:105753. doi: 10.1016/j.cmpb.2020.105753

27. Verbrugge FH, Proesmans T, Vijgen ], Mullens W, Rivero-Ayerza
M, Van Herendael H, et al. Atrial fibrillation screening with photo-
plethysmography through a smartphone Europace. (2019)
21:1167-75. doi: 10.1093/europace/euzl19

camera.

Frontiers in Digital Health | www.frontiersin.org

April 2022 | Volume 4 | Article 872675


https://sites.uab.edu/periop-datascience/algo-database
https://doi.org/10.1038/s41746-020-00324-0
https://doi.org/10.1097/ALN.0000000000002384
https://doi.org/10.1007/s10877-019-00379-9
https://doi.org/10.1177/1932296819859334
https://doi.org/10.1038/s41551-018-0304-0
https://doi.org/10.1186/s12874-019-0681-4
https://doi.org/10.1007/s11747-019-00710-5
https://doi.org/10.1109/ACCESS.2019.2949286
https://doi.org/10.1213/ANE.0000000000005500
https://doi.org/10.1109/MIC.2020.3031769
https://doi.org/10.1109/ACCESS.2018.2870052
https://doi.org/10.1007/s13347-019-00382-7
https://doi.org/10.1162/99608f92.5a8a3a3d
https://doi.org/10.1038/s41591-021-01461-z
https://doi.org/10.1109/DISA.2018.8490530
https://doi.org/10.1145/3351095.3375624
http://papers.nips.cc/paper/7062-a-unified-approach-to-interpreting-model-predictions.pdf
http://papers.nips.cc/paper/7062-a-unified-approach-to-interpreting-model-predictions.pdf
http://arxiv.org/abs/1904.00138
https://guardianconnect.medtronic-diabetes.co.uk
https://guardianconnect.medtronic-diabetes.co.uk
https://doi.org/10.1161/CIRCHEARTFAILURE.119.006513
https://doi.org/10.1111/chd.12328
https://doi.org/10.1111/dom.13408
https://doi.org/10.1177/1932296820965561
https://doi.org/10.1016/j.ahj.2018.09.002
https://doi.org/10.1016/j.cmpb.2020.105753
https://doi.org/10.1093/europace/euz119
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org
https://www.frontiersin.org/journals/digital-health#articles

Melvin et al.

Al'in Perioperative Medicine

28.

29.

30.

31.

32.

33.

34.

35.

Ip JE. Evaluation of cardiac rhythm abnormalities from wearable devices.
JAMA. (2019) 321:1098. doi: 10.1001/jama.2019.1681

Hravnak M, Devita MA, Clontz A, Edwards L, Valenta C, Pinsky
MR. Cardiorespiratory instability ~before implementing
an integrated monitoring system. Crit (2011)  39:65-
72. doi: 10.1097/CCM.0b013e3181fb7blc

Tarassenko L, Hann A, Young D. Integrated monitoring and analysis
for early warning of patient deterioration. Br ] Anaesth. (2006) 97:64-
8. doi: 10.1093/bja/aell113

Schneider M, Bartko P, Geller W, Dannenberg V, Kénig A, Binder C,
et al. A machine learning algorithm supports ultrasound-naive novices
in the acquisition of diagnostic echocardiography loops and provides
accurate estimation of LVEF. Int ] Cardiovasc Imaging. (2021) 37:577-
86. doi: 10.1007/s10554-020-02046-6

Morimoto Y, Hagihira S, Koizumi Y, Ishida K, Matsumoto M, Sakabe
T. The relationship between bispectral index and electroencephalographic

and after
Care Med.

parameters during isoflurane anaesthesia. Anesth Analg. (2004) 98:1336-
40. doi: 10.1213/01.ANE.0000105867.17108.B6

Connor CW. A Forensic disassembly of the BIS monitor. Anesth Analg. (2020)
131:1923-33. doi: 10.1213/ANE.0000000000005220

Drover D, Ortega HRR. Patient state index. Best Pract Res Clin Anaesthesiol.
(2006) 20:121-8. doi: 10.1016/j.bpa.2005.07.008

Vierti6-Oja H, Maja V, Sarkeld M, Talja P, Tenkanen N, Tolvanen-Laakso
H, et al. Description of the entropy algorithm as applied in the datex-
ohmeda S/5 entropy module. Acta Anaesthesiol Scand. (2004) 48:154-
61. doi: 10.1111/j.0001-5172.2004.00322.x

36. Hatib F Jian Z, Buddi S, Lee C, Settels J, Sibert K, al.
Machine-learning algorithm to predict hypotension based on high-
fidelity arterial pressure waveform analysis. Anesthesiology. (2018)

129:663-74. doi: 10.1097/ALN.0000000000002300

et

37. FDIC. Supervisory Guidance on Model Risk Management. (2017). Available
online at:  https://www.fdic.gov/news/financial-institution-letters/2017/
fil17022a.pdf

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2022 Melvin, Broyles, Duggan, John, Smith and Berkowitz. This is an
open-access article distributed under the terms of the Creative Commons Attribution
License (CC BY). The use, distribution or reproduction in other forums is permitted,
provided the original author(s) and the copyright owner(s) are credited and that the
original publication in this journal is cited, in accordance with accepted academic
practice. No use, distribution or reproduction is permitted which does not comply
with these terms.

Frontiers in Digital Health | www.frontiersin.org

24

April 2022 | Volume 4 | Article 872675


https://doi.org/10.1001/jama.2019.1681
https://doi.org/10.1097/CCM.0b013e3181fb7b1c
https://doi.org/10.1093/bja/ael113
https://doi.org/10.1007/s10554-020-02046-6
https://doi.org/10.1213/01.ANE.0000105867.17108.B6
https://doi.org/10.1213/ANE.0000000000005220
https://doi.org/10.1016/j.bpa.2005.07.008
https://doi.org/10.1111/j.0001-5172.2004.00322.x
https://doi.org/10.1097/ALN.0000000000002300
https://www.fdic.gov/news/financial-institution-letters/2017/fil17022a.pdf
https://www.fdic.gov/news/financial-institution-letters/2017/fil17022a.pdf
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org
https://www.frontiersin.org/journals/digital-health#articles

& frontiers | Frontiers in Digital Health

MINI REVIEW
published: 13 June 2022
doi: 10.3389/fdgth.2022.884047

OPEN ACCESS

Edited by:

Tim Campellone,

University of California, Berkeley,
United States

Reviewed by:
Shabbir Syed Abdul,
Taipei Medical University, Taiwan

*Correspondence:

Hayam Y. Giravi
hayam.giravi@pharm.utah.edu
Grzegorz Bulaj
bulaj@pharm.utah.edu

Specialty section:

This article was submitted to
Personalized Medicine,

a section of the journal
Frontiers in Digital Health

Received: 25 February 2022
Accepted: 16 May 2022
Published: 13 June 2022

Citation:

Giravi HY, Biskupiak Z, Tyler LS and
Bulaj G (2022) Adjunct Digital
Interventions Improve Opioid-Based
Pain Management: Impact of Virtual
Reality and Mobile Applications on
Patient-Centered Pharmacy Care.
Front. Digit. Health 4:884047.

doi: 10.3389/fdgth.2022.884047

Check for
updates

Adjunct Digital Interventions Improve
Opioid-Based Pain Management:
Impact of Virtual Reality and Mobile
Applications on Patient-Centered
Pharmacy Care

Hayam Y. Giravi™, Zack Biskupiak?, Linda S. Tyler® and Grzegorz Bulaj?*

" University of Utah College of Pharmacy, Salt Lake City, UT, United States, 2 Department of Medicinal Chemistry, L.S. Skaggs
College of Pharmacy, University of Utah, Salt Lake City, UT, United States, ° Department of Pharmacotherapy, L.S. Skaggs
College of Pharmacy, University of Utah, Salt Lake City, UT, United States

Digital therapeutics (DTx, mobile medical apps, software as a medical device) are
rapidly emerging as clinically effective treatments for diverse chronic diseases. For
example, the Food and Drug Administration (FDA) has recently authorized a prescription
virtual reality (VR) app for treatment of moderate to severe low back pain. The FDA
has also approved an adjunct digital therapy in conjunction with buprenorphine for
opioid use disorder, further illustrating opportunities to integrate digital therapeutics
with pharmacotherapies. There are ongoing needs to disseminate knowledge about
advances in digital interventions among health care professionals, policymakers, and
the public at large. This mini-review summarizes accumulating clinical evidence of
digital interventions delivered via virtual reality and mobile apps to improve opicid-based
analgesia. We identified relevant randomized controlled trials (RCTs) using Embase and
PubMed databases which reported pain scores with a validated pain scale (e.g., visual
analog scales, graphic rating scale, numeric rating scale) and use of a digital intervention
in conjunction with opiates. Among identified RCTs, the majority of studies reported
improved pain scores in the digital intervention group, as compared to “treatment as
usual” group. Our work suggests that VR and mobile apps can be used as adjunct digital
therapies for pain management. We discuss these findings in the context of how digital
health technologies can transform patient-centered pharmacy care.

Keywords: pharmacotherapy, analgesics, mHealth, smartphone apps, therapeutic video games, serious video
games, opioid epidemic, health care

INTRODUCTION

Pain management is a complex, multifaceted challenge that has become a major public health
crisis, with an estimated 126.1 million US adults suffering from pain (1). In 2016, over 60
million patients filled or refilled one or more prescriptions for opioid analgesics (1). Although
opioid-based analgesia is frequently used to treat both acute and chronic pain, health care
professionals (physicians, physician assistants, pharmacists, and nurses) have limited knowledge
on opioid analgesic therapies (2). In addition to inadequate pain relief, the use of opioids for
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pain management is challenged by significant adverse effects
including physical dependence, tolerance, sedation, dizziness,
constipation, nausea, vomiting, and respiratory depression (3).
Trends in opioid prescription and the associated mortality
continue to be problematic not only in the US, but also in other
countries (4, 5). Multimodal approaches for pain management
such as combination therapy with both nonpharmacological
means in addition to traditional pharmacological therapeutics
can be effective in achieving optimal control of pain (6, 7).
Many aspects of pain management and the opioid epidemic may
effectively be addressed by shifting clinical practice to using more
non-pharmacological and non-invasive treatments (8), including
“digital analgesics” interventions (9-13) and mobile apps to
support opioid tapering (14, 15).

Digital health technologies encompass diverse software-based
tools which can improve health and therapy outcomes for many
chronic diseases. Digital therapeutics (DTx), also known as
mobile medical applications, are software-based interventions
intended to treat specific medical conditions (16-18). To provide
evidence-based therapies, DTx receive marketing authorization
(software as a medical device, or SaMD) from regulatory
agencies. In the US, the FDA has approved and cleared several
digital therapeutics for the treatment of diabetes (type 1 and
2), ADHD, asthma, COPD, chronic low back pain, chronic
insomnia, substance use disorder and opioid use disorder. It is
also noteworthy that two non-profit organizations, namely The
Digital Medicine Society (www.dimesociety.org/) and The Digital
Therapeutics Alliance (dtxalliance.org/) are dedicated to advance
and promote this rapidly evolving branch of digital health.

Pioneering work on the SnowWorld virtual reality (VR) video
game for burn patients illustrates early efforts to bring digital
interventions for pain to clinical practice (19-22). There has
been an increasing number of clinical studies on VR and mobile
apps to improve pain management and relief (6, 9-11, 23-39).
For example, a 12-week RCT of a multidisciplinary back pain
mobile app (Kaia) showed significant reduction of pain intensity
in patients with non-specific low back pain (40). In 2020, the
FDA granted a breakthrough medical device designation to a
VR app, RelieVRx (previously named EaseVRx), for treatment of
intractable low back pain and treatment-resistant fibromyalgia.
In 2021, RelieVRx received the FDA authorization for marketing
a prescription virtual reality app for treatment of moderate to
severe low back pain (41). These advances in digital interventions
highlight opportunities for their use as adjunct therapies in
combination with diverse analgesic drugs.

To the best of our knowledge, there are currently no review
studies focused on effects of digital interventions on opioid-
based pain management. Given the increasing number of clinical
studies on VR and mobile apps for pain, there is a need for
systematic reviews and meta-analyses (SR/MA) of the impact of
DTx on different types of pain in combination with analgesic
medications. The objectives of this mini-review are: (1) to
summarize findings from currently published RCTs focused
on adjunct digital interventions (VR and mobile apps) for
opioid-based pain management, and (2) to encourage future
SR/MA studies on adjunct digital interventions for pain in
combination with specific analgesic drugs, including opioids,
NSAIDs and others. We further discuss our findings in the

context of how digital therapeutics can impact patient-centered
pharmacy care.

ADJUNCT DIGITAL INTERVENTIONS FOR
OPIOID-BASED ANALGESIA

In order to identify adjunct digital interventions for pain
management in conjunction with opioid-based analgesia,
EMBASE and PubMed databases were searched for relevant
RCTs, systematic reviews and meta-analyses. Database search
with keywords “pain,” “acute pain,” “chronic pain,” “cancer pain,”
“burn pain,” “postoperative pain,” “pain management,” “virtual
reality,” “VR,” “web-based,” “phone app,” “mobile app,” “opioid”
and “digital therapeutics” identified nine RCTs which met the
following inclusion criteria: (1) reported digital interventions
were compared to pharmacological interventions alone, (2)
reported pain scores with a validated pain scale (e.g., visual
analog scales, graphic rating scale, numeric rating scale), and
(3) reported use of concomitant opioids. Studies that did not
explicitly report use of opioids or use of a validated pain scale
were excluded. In addition to searching the databases, we also
examined RCTs evaluated in recent systematic reviews and
meta-analyses on digital interventions for pain for those clinical
studies that matched inclusion/exclusion criteria mentioned
above (30, 32-34).

As summarized in Table 1, our search yielded nine RCTs
which met inclusion and exclusion criteria. A majority of RCTs
examined effects of digital interventions in burn pain patients
(a total of n = 227), whereas two studies were focused on
cancer pain. Regarding types of digital interventions, a vast
majority of studies used VR apps. Eight studies demonstrated
significant reduction in one or more pain outcomes (19, 42—
45, 47-49), whereas one RCT reported no significant changes in
pain intensity, as compared to the control groups. Based on the
RCTs listed in Table 1, these findings suggest that adjunct digital
interventions can improve pain scores or reduce medication use
in opioid-based analgesia.

Two additional RCTs investigated digital interventions in
pain patients taking opioid analgesics, but they did not meet all
three inclusion criteria (the comparator was not pharmacological
treatment alone) (13, 50). In one RCT examining digital
intervention in breast cancer surgery patients, the treatment
group showed significant reduction of time (by 5 days) toward
cessation of opioid medications, as compared to the control
group (digital health education) (13). In another RCTs, VR app
intervention (as compared to standard iPad use) did not change
postoperative pain scores nor opioid consumption in pediatric
patients (50). As discussed below, with more ongoing RCTs
studying digital interventions and opioid-based analgesia in pain
patients, our results justify near-future SR/MA study to evaluate
clinical efficacy of adjunct VR and mobile apps in conjunction
with analgesics to improve pain management.

DISCUSSION

There are ongoing needs to mitigate the opioid crisis in the
United States (51, 52). To increase awareness about potential
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TABLE 1 | Summary of randomized controlled trials of digital interventions in patients with acute or chronic pain.

Author Study design; Pain type; Population (n), intervention, and Concomitant Results
Duration or number Pain scale comparator description medication(s)
of sessions
Bani Mohammed Prospective RCT Cancer Pain Population (n = 80): Women (ages IV or oral morphine One session of adjunct VR
etal. (42) 40 sessions VAS? 30-70 years) with breast cancer resulted in a significant reduction
Intervention (n = 40): VR (Ocean in pain scores when compared
Rift interactive game or Happy Place to morphine alone (mean
non-interactive video) plus morphine post-VAS score: iVR 0.33 vs.
Comparator (n = 40): Oral or control 4.84; p < 0.001)
intravenous morphine alone
Carrougher et al. Within-subject RCT Burn Pain Population (n = 39): Adult burn Oral methadone or Adjunctive VR significantly
(19) 78 sessions GRSP patients (ages 21-57 years) who OxyContin and a reduced worst pain scores by
required PT preprocedural 27% (VR 40 £ 30 vs. control 55
Intervention: VR (SnowWorld) with short-acting opioid + 25; p = 0.004)
pharmacological analgesia during PT  (e.g., oxycodone)
Comparator: Pharmacological
analgesia alone
Hoffman et al. (43)  Within-subject RCT Burn Pain Population (n = 11): Pediatric and Standard opioid Mean pain ratings were lower
22 sessions GRS? adult patients (ages 9-40 years) with  analgesics and with adjunct iVR when compared
burns requiring hospitalization benzodiazepines to the control group for all 3 pain
Intervention: VR (SnowWorld) with measures (worst pain, time spent
pharmacological analgesia during thinking about pain, and pain
dressing changes unpleasantness); differences
Comparator: Pharmacological were all statistically significant (o
analgesia alone < 0.05)
Hoffman et al. (44)  Within-subject RCT Burn Pain Population (n = 12): Adult burn Long-acting opioids All 12 participants reported
24 sessions VASP patients (ages 19-47 years) (typically OxyContin) statistically significant less pain
Intervention: VR (SpiderWorld) with with adjunct VR distraction
pharmacological analgesia during PT (worst pain: VR 19.92 vs. control
Comparator: Pharmacological 42, p = 0.002; average pain: VR
analgesia alone 14.67 vs. control 36.33, p =
0.002)
Maani et al. (45) Within-subject RCT Burn Pain Population (n = 12): US soldiers Fast acting opioids Significant difference in mean
24 sessions GRS? (ages 20-27 years) with burn wounds — and/or ketamine worst pain scores >7 (i\VR 5.67
Intervention: VR (SnowWorld) with vs. control 8.33; p = 0.043); no
pharmacological analgesia during significant difference between
wound debridement groups for mild to moderate pain
Comparator: Pharmacological (VR 4.17 vs. control 3.33)
analgesia alone
Morris et al. (46) Within-subject RCT Burn Pain Population (n = 11): Adult burn Morphine and No significant difference in pain
22 sessions NRS? patients (ages 23-54 years) acetaminophen/ reduction between both groups
undergoing physiotherapy codeine (Dolorol Forte)  (mean difference = 2.09; 95%
Intervention: VR (eMagin Z800 to all eligible subjects; Cl-0.67 t0 4.85, p = 0.13)
3DVisor; game: Chicken Little) with ibuprofen was given to
pharmacological analgesia during PT  two subjects
Comparator: Pharmacological
analgesia alone
Schmitt et al. (47)  Within-subject RCT 1 Burn Pain Population (n = 54): Hospitalized Oral opioid (e.g., Significant reduction in cognitive
to 5 days GRSP pediatric (ages 6-19 years) burn hydromorphone, (decreased by 44%), affective
patients undergoing physical therapy  fentanyl lozenge) +/— (decreased by 32%), and
Intervention: VR (SnowWorld) with oral benzodiazepine sensory pain (decreased by
pharmacological analgesia during PT  (e.g., midazolam) 27%) with adjunct immersive VR
Comparator: Pharmacological (o < 0.05)
analgesia/sedation alone
Sharar et al. (48) Within-subject RCT Burn Pain Population (n = 88): Pediatric and Systemic opioid and/or  Significant decrease in worst
146 sessions GRsP adult patients (ages 6-65 years) who  benzodiazepine pain intensity scores in the VR

required postburn PT

Intervention: VR (SnowWorld) with
pharmacological analgesia during PT
Comparator: Pharmacological
analgesia alone

group (VR 43.5 & 3.5 vs. control
54.2 + 3.1; p = 0.003)

(Continued)
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TABLE 1 | Continued

Author Study design; Pain type; Population (n), intervention, and Concomitant Results
Duration or number Pain scale comparator description medication(s)
of sessions

Yang et al. (49) Prospective RCT 4 Cancer Pain Population (n = 58): Adults (ages Oxycodone, morphine,  Pain Guard significantly
weeks NRS? 18-75 years) with cancer-related pain  methadone, and/or decreased the frequency of

Intervention (n = 31): Pain Guard

mobile app

tramadol

breakthrough cancer pain (Pain

Guard: median 3, IQR 2-7 vs.

Comparator (n = 27): Standard

pharmaceutical care

control: median 13, IQR 9.5-14,

p < 0.001) and lead to a higher
rate of pain remission (p <
0.001) with fewer adverse events
reported

Only RCTs which compared digital interventions with pharmacological interventions alone are included in this table.
GRS, graphic rating scale; IQR, interquartile range; iIVR, immersive virtual reality; n, number of participants; NRS, numerical rating scale; PT, physical therapy; RCT, randomized controlled
trial; VAS, visual analog scale; VR, virtual reality; vs., versus.

aMeasured on a O- to 10-cm scale.
bMeasured on a 0- to 100-mm scale.

TABLE 2 | Examples of mobile and VR applications for pain management.

Developing Available Description of application Mechanism of action Clinical data
company applications
AppliedVR RelieVRx; EaseVRx Marketed for the treatment of moderate to Theories stemming from Cognitive Garcia et al. (54)
severe low back pain. Manage pain via Behavioral Therapy (CBT) employed Garcia et al. (9)
immersive experience, guide patients to in tandem with VR. Spiegel et al. (55)
desirable clinical outcomes. Opioid sparing
clinical treatment. Participants in their VR
intervention for 2 weeks endorsed reduced
pain catastrophizing scores as well as reduced
overall pain.
BreatheVR BreatheVR BreatheVR is a companion application for the Deep breathing techniques in Mevlevioglu et al. (56)
Gear VR and Oculus GO VR setups. 8 of 10 combination with a specifically
participants in the initial pilot study all reported designed relaxation VR landscape.
significant reductions in pain after only short
periods of time using BreatheVR.
Flowly Flowly The Flowly mobile application manages pain Use of VR in combination with Flowly (57)
using theories from biofeedback in combination Flowly’s mobile application to teach
with VR to encourage pain management for techniques of biofeedback,
patients and teach lasting techniques. promoting pain management.
Participants in their initial trials reported lower
pain scores, lower pain catastrophizing scores,
and reported needing lower dosages of their
opioid medication to manage pain following the
intervention.
Kaia Health Kaia Health Musculoskeletal pain care with the use of Use of Al algorithms to guide physical Biebl et al. (58)

custom physical therapy or rehabilitation
exercise programs. Users report reduction in
pain symptoms, reduction in stress symptoms,
and further benefits. Accessible, clinical grade
PT from the comfort of home.

therapy and rehabilitation sessions.
Established PT methods such as
progressive muscle relaxation. Used
in combination with VR for best
results.

Priebe et al. (25)

CBT, cognitive behavioral therapy; VR, virtual reality; PT, physical therapy.

benefits of digital interventions for pain management, this mini-
review project focused on whether virtual reality and mobile
apps can improve opioid-based analgesia. Our findings suggest
that VR applications can offer clinical-grade interventions for
opioid-sparing pain management, and are in accord with
conclusions from a recent systematic-review and meta-analysis
that “Virtual reality is an effective pain reduction measurement
added to analgesics for burn patients undergoing dressing change

or physical therapy.” (32). The FDA authorization to market
RelieVRx as a prescription virtual reality pain treatment further
emphasizes opportunities to combine digital interventions with
analgesics (41). It is noteworthy that clinical evidence for digital
interventions in pain management is still limited and needs
additional multi-center RCTs to validate their clinical efficacy
and effectiveness in patients with various pain conditions (30-
34, 53).
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As shown in Table2, there are several VR and mobile
applications currently available for patients and health care
providers as tools for improving pain management. RelieVRx
has received the FDA authorization (through de novo regulatory
pathway) to be marketed as a prescription virtual reality pain
treatment for adult patients with chronic low back pain (41).
Kaia Health is a mobile app intended for adults with acute
or chronic, non-specific musculoskeletal pain, which received
class II medical device status in Europe, while is marketed
in the US under the FDA enforcement discretion. Flowly
VR and biofeedback app is presented as “opioid-sparing pain
management device” (www.flowly.world/), but to the best of our
knowledge, Flowly has not received the FDA authorization as
a medical device, as of writing this mini-review. While digital
health technologies are rapidly evolving and expanding, we
believe that this article will encourage health care professionals
to explore opportunities to integrate digital interventions with
pharmacotherapies for improved pain management.

Bringing digital interventions for pain to clinical practice
is challenged by complexity of workflow in pain management
(59). Mobile apps have been recognized as opportunities to
improve pharmacy practice (60-63). Pharmacists often work
in interdisciplinary care teams and make recommendations
to both providers and patients about pharmacologic and
non-pharmacologic interventions, including pain management
(64-66). Given an important role of pharmacists in opioid
stewardship and prevention of future opioid crisis (67, 68), we
hypothesize here that pharmacists recommendations to integrate
digital therapeutics with opioid-based analgesia will improve
outcomes of opioid tapering programs (69-73). Recently, the
Academy of Managed Care Pharmacy convened a forum that
brought digital therapeutic innovators, payers, pharmacy benefit
managers, and other key stakeholders to discuss the role of digital
interventions as therapeutic options (74). While implementation
of digital health technologies within health care systems is both
inevitable and challenging (75-77), it will be important for
payers to consider their health care coverage, especially as more
evidence emerges with the potential opportunity of lowering
overall health care costs and increasing clinical outcomes. An
initial cost-effectiveness analysis of the reimbursement rate for
digital therapeutics for low back pain suggests economic benefits
for health care in Germany (78).

Integration of digital interventions with drug-based therapies
is illustrated by the FDA approval of a prescription adjunct
digital therapeutic, namely reSET-O® PDT, in conjunction with
buprenorphine for opioid use disorder (OUD). This adjunct
digital intervention was shown to improve therapy and health
care outcomes, including cost-effectiveness (79-84). From the
perspective of long-term therapy outcomes for chronic diseases,
patients could benefit from research and development of
both adjunct digital therapeutics and drug+digital combination
therapies (using drug-device combination product regulatory
pathway, where drug is combined with a mobile app approved
as SaMD) (18, 85-89). Although drug+digital combination
therapies offer a full integration of pharmacotherapy and non-
pharmacological intervention, to the best of our knowledge there
are no currently known such drug-device combination products.
Other future prospects for improved patient-centered pain

management may include integration of drug-based analgesia
with patient education delivered via digital health technologies
(29, 90, 91), and integration of digital health technologies with
self-care and therapeutic home environment (92).

A limitation of this mini-review is a lack of systematic
review methodology and meta-analysis, thus precluding to
draw evidence-based conclusions on effectiveness of digital
interventions for opioid-based analgesia. Given that clinical
studies on digital interventions for reduction of opioid use
in pain management is a very active area of research
(e.g., from ClinicalTrials.gov: NCT04139564, NCT04010266,
NCT03851042, NCT04273919, NCT04416555 and others), it is
prudent to wait for more published results from all relevant
RCTs. Another limitation of this project is a focus on opioid-
based treatments, rather than on opioids and non-steroidal
anti-inflammatory drugs (NSAIDs). This is due to a limited
number of clinical studies which report use of specific pain
medications when evaluating VR or mobile apps in pain
management. We hope that despite these limitations, this mini-
review will raise awareness on how digital interventions can
improve patient-centered pharmacy care for pain and for other
medical conditions.

Given complex and unmet needs to address the opioid
crisis (52, 93), this review supports several actionable
recommendations to be considered. Educating health care
professionals, patients and policymakers about the FDA-
approved VR and mobile apps for pain should be led by both
patient advocacy groups (e.g., The American Chronic Pain
Association and the US Pain Foundation) and professional
organizations (e.g., The American College of Physicians and
The American Academy of Neurologists). Integrated healthcare
systems and hospitals can create VR simulation centers for
patient education about their diagnosis and treatment options
including digital interventions (94, 95). Educating pharmacists,
nurses and physician assistants about digital health technologies
will accelerate clinical workflow redesign to incorporate
their “internal champions” roles in decision making for pain
management (64-66, 77, 96). For opioid prescription and
tapering for chronic pain, revisions and updates to the CDC
guidelines and payer pharmacy coverage should include the
use of digital therapeutics for pain relief and management
(97). Lastly, increasing social media campaigns (98, 99), and
direct-to-consumer advertising of VR and mobile apps for pain
will expand public awareness about digital therapeutics, and will
also impact prescribing practices in the future (100, 101).

CONCLUSION

Our mini-review suggests that both VR and mobile apps can
be used as adjunct digital therapies in conjunction with opioid-
based analgesics for pain management. Such interventions,
which are applicable to hospital, hospital at home and stay-
at-home care, can improve patient-centered pharmacy care
and opioid tapering outcomes. Rapidly evolving digital health
technologies create opportunities to integrate pharmacotherapies
with non-pharmacological treatments for pain, while regulatory
approval of commercially available digital interventions as DTx
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for pain management is critical for reimbursement and health
care implementation.
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Real-world outcomes of an
iInnovative digital therapeutic for
treatment of panic disorder and
PTSD: A 1,500 patient
effectiveness study
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and Michael J. Telch’

Freespira, Inc., Houston, TX, United States, Freespira, Inc., Kirkland, WA, United States, *Laboratory
for the Study of Anxiety Disorders, University of Texas, Austin, TX, United States

Objective: Prior clinical trials have shown consistent clinical benefit for
Capnometry Guided Respiratory Intervention (CGRI), a prescription digital
therapeutic for the treatment of panic disorder (PD) and post-traumatic stress
disorder (PTSD). The purpose of this study is to report real-world outcomes
in a series of patients treated with the intervention in clinical practice.

Design: This paper reports pre- and post-treatment self-reported symptom
reduction, measures of respiratory rate and end-tidal carbon dioxide levels,
drop-out and adherence rates drawn from an automatic data repository in a
large real-world series of patients receiving CGRI for panic disorder and PTSD.
Setting: Patients used the intervention in their homes, supported by telehealth
coaching.

Participants: Patients meeting symptom criteria for panic disorder (n = 1,395) or
posttraumatic stress disorder (n = 174) were treated following assessment by a
healthcare professional.

Intervention: Capnometry Guided Respiratory Intervention is a 28-day home-
based treatment that provides breath-to-breath feedback of respiratory rate
and exhaled carbon dioxide levels, aimed at normalizing respiratory style and
increasing patients’ mastery for coping with symptoms of stress, anxiety, and
panic. Health coaches provide initial training with weekly follow up during the
treatment episode. Remote data upload and monitoring facilitates
individualized coaching and aggregate outcomes analysis.

Main outcome measures: Self-reported Panic Disorder Severity Scale (PDSS)
and the Posttraumatic Stress Disorder Checklist for DSM-5 (PCL-5) scores
were obtained at pre-treatment and post-treatment.

Results: Panic disorder (PD) patients showed a mean pre-to-post-treatment
reduction in total PDSS scores of 50.2% (P<0.001, d=131). Treatment
response rates for PD (defined as a 40% or greater reduction in PDSS total
scores) were observed in 65.3% of the PD patients. PTSD patients showed a
pre-to-post-treatment reduction in total PCL-5 scores of 41.1% (P<0.001, d
=1.16). The treatment response rate for PTSD (defined as a >10-point
reduction in PCL-5 scores) was 72.4%. In an additional analysis of response at
the individual level, 55.7% of panic disorder patients and 53.5% of PTSD
patients were classified as treatment responders using the Reliable Change
Index. Patients with both normal and below-normal baseline exhaled CO,
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levels experienced comparable benefit. Across the 28-day treatment period, mean
adherence rates of 74.8% (PD) and 74.9% (PTSD) were recorded during the 28-day
treatment. Dropout rates were 10% (PD) and 11% (PTSD) respectively.

Conclusions: The results from this cohort of 1,569 patients treated with the CGRI
intervention demonstrate significant rates of symptom reduction and adherence
consistent with prior published clinical trials. The brief duration of treatment, high
adherence rates, and clinical benefit suggests that CGRI provides an important
addition to treatment options for panic disorder and PTSD.

KEYWORDS

CGRI, panic disorder,
hypersensitivity

Introduction

Panic disorder (PD) and Post-traumatic Stress Disorder
(PTSD) are common and often become chronic behavioral
health conditions. Lifetime prevalence for isolated panic attacks
is reported at 22.7% and lifetime prevalence for full criteria
panic disorder is estimated at 4.8% (1). Estimates of lifetime
PTSD prevalence range from 3.4% to 8.0% in the general
population and 7.7% to 13.4% in veterans (2). The most widely
utilized and recommended current treatments are psychotropic
medications and/or psychotherapy. In the case of panic disorder
and recurrent panic symptoms, review of pharmacologic
treatments shows substantial rates of inadequate response, with
many patients experiencing chronic relapsing conditions (3).
When the nature of actual care delivered in routine clinical
practice rather than published trials is examined, most patients
with panic symptoms are seen in the general medical sector
and the majority of patients do not receive evidence-based
pharmacologic or psychotherapeutic treatments (1). Similarly,
PTSD often takes a chronic course with up to a third of
individuals remaining symptomatic a decade after trauma
exposure (4). A meta-analysis of placebo-controlled studies of
cognitive behavioral therapies show small to medium effect sizes
for PD and PTSD as compared to more robust results for
OCD, social anxiety disorder, and acute stress disorder (5).

A common limitation of psychotherapeutic —and
pharmacologic approaches to PD and PTSD is that neither
address the role of respiratory physiology and breathing style.
A very useful review by Boulding and colleagues (6) examines
relevant literature and proposes a useful classification of
respiratory styles (termed “dysfunctional breathing”) implicated
in a spectrum of health conditions including panic. More
specifically, a substantial body of work posits situational as well
as chronic dysfunctional breathing as risk factors in panic
attacks and the subsequent development of panic disorder (7).
Evidence supporting the respiratory dysregulation hypothesis
comes from a substantial body of work linking CO,
hypersensitivity to panic attacks and panic disorder, initiated in
large part by Klein’s conceptualization of a faulty suffocation
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alarm (8, 9). An important “marker” of this hypersensitivity
comes from studies of carbon dioxide challenge testing. In
experimental lab settings, researchers have established that
compared to healthy controls, most panic sufferers (and many
close relatives) react with pronounced panic symptoms,
including fear and physiological distress, when exposed to
single or repeated breaths of CO,- enriched air (10-15).

A smaller body of work has identified similar reactivity for
individuals with PTSD. A double-blind, randomized control
study of reactivity to CO, challenge showed that diagnosed
PTSD patients were highly reactive to inhaled 35% CO, but
not to a placebo gas mixture, while healthy controls were
(16). addition,
demonstrated high distress during CO, challenge were found

largely  unaffected In soldiers  who
to be at higher risk than non-reactors for developing PTSD
symptoms during deployment to Iraq (17).

This evidence of CO, hypersensitivity as a common risk
factor for both panic and PTSD, as well as evidence of a
bidirectional relationship between the two conditions (18),
provided a compelling rationale that led our treatment
development team to develop Freespira®, a digital therapeutic
specifically targeting normalization of dysfunctional breathing

patterns via Capnometry-Guided Respiratory Intervention

(CGRI); the intervention received FDA-clearance for
treatment of panic disorder in 2013 and in 2018 for PTSD.
Origins and previous efficacy trials

Research conducted by Meuret and colleagues (19)

established a
Respiratory Therapy, or CART) using feedback of respiratory

treatment protocol (Capnometry Assisted
rate and exhaled CO,. This trial showed significant and
sustained symptomatic improvement in panic disorder severity
with reported 93% treatment response (>40% reduction in
Panic Disorder Severity Scale (PDSS) scores) one-year post-
treatment and large effect size (Cohen’s d=2.6). This trial
used commercially available capnometers and cassette-tape-

recorded pacing tones for delivery of the CART protocol.
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The CGRI intervention described in this paper represents
an adaptation of the core Meuret protocol, using different
instrumentation as well as imbedded data capture and
remote review capabilities. A multi-center benchmarking
study (20) offering CGRI in four independent anxiety
treatment centers showed one-year response rates (>40%
reduction in PDSS scores) of 82% in treatment completers
and large effect size (Cohen’s d=2.3). Additionally, the
identified
hypocapnic or normocapnic based on baseline averages of

authors subsets of participants classified as
etCO,. Hypocapnic subjects experienced greater increases in
exhaled carbon dioxide levels at post-treatment but the
that  the

equivalent clinical benefit post-treatment for normocapnic as

authors  determined intervention  produced
well as hypocapnic subjects.

A health economic outcome study (21) undertaken by
Highmark Health and Allegheny Health Network reported
91% and 68% (PDSS

scores <5) one-year post-CGRI treatment. Highmark, the

response rates remission rates
insurer of the participant patients, compiled cost data by
comparing paid healthcare claims (all sources) for the one
year prior to and one year following the 28-day treatment.
The study reported a 35% reduction in overall paid
claims, a 65% reduction in emergency department costs,
and a 68% reduction in pharmaceutical costs for the
study participants.

A real-world study (22) was conducted in an employer-
sponsored health clinic. CGRI was offered to patients seeking
treatment  for  panic-related  symptoms,  following
identification by primary care or behavioral health staff
clinicians. In this case series, 18 participants with panic
showed mean PDSS decreases of 7.2 scale points, with 67%
showing significant reductions in PDSS scores (>40%).
Participants additionally showed decreases in behavioral
health visits post-intervention.

An open label clinical trial (23) offering CGRI for
treatment of PTSD was conducted at the Palo Alto VA, with
enrollment open to both veterans and civilians. Mean
Clinician-Administered PTSD Scale for DSM-5 (CAPS-5)
scores declined significantly from pre- to post-treatment
(49.5 to 27.1; Cohen’s d=1.3). Moreover, at six-month
follow-up, 50% were rated as “in remission”(based on post-
CAPS-5
baseline, an absolute score <25, plus no longer meeting
DSM-5 criteria for PTSD as rated by a study clinician).

Treatment

treatment showing significant reduction from

completers averaged 77% adherence (ie.,
completion of 43 of 56 recommended sessions). Similar to
the prior PD trial (20), hypocapnic subjects significantly
increased etCO, levels from pre- to post-treatment. Both
hypocapnic and normocapnic cohorts experienced significant
reductions in CAPS-5 scores at six-month follow up, with a
larger effect size (2.3) for the hypocapnic group compared to

the normocapnic group (0.8).
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Proposed mechanism(s) of action

Several potential mechanisms of action have been proposed
for the CART/CGRI protocols. As noted above (21, 23),
symptomatic improvement in both panic and PTSD is
associated with the ability of hypocapnic users to normalize
etCO, levels. Meuret et al. (24), in a randomized trial
comparing CART with a cognitive therapy, found evidence of
equivalent effectiveness but specific benefit in normalizing
CO, in the CART group while identifying perceived control
(but not increase in etCO,) as a putative mechanism in the
cognitive condition. Meuret and colleagues (25) additionally
suggested that repeated exposure to respiratory distress may
have led to an attenuation of respiratory distress via induction
of dyspnea during the treatment.

Feinstein (26) and colleagues in a recent paper provide
of CO,
hypersensitivity, neuroanatomy, acid-base balance, and the

elegant  synthesis and  conceptualization
role of chemoreceptors in anxiety conditions. The authors
introduce the concept of “apnea induced anxiety”, which they
interpret as a “an evolutionarily determined manifestation of
the broader freezing response that the amygdala is well-
known to coordinate”. One implication of the Feinstein paper
is the possibility that, in addition to the role of desensitization
and development of enhanced sense of control and self-
efficacy described above, the CART/CGRI intervention may
also function to inhibit abrupt, de-stabilizing spikes in CO,
and pH (27) provoked by dysfunctional breathing that induce

anxiety and avoidance behaviors.

Study rationale

This paper reports treatment effectiveness data on patients
treated with CGRI in clinical practice. The large pool of
completed treatments available here represents an opportunity
to evaluate real world effectiveness of CGRI as a follow-up to
the prior clinical trials.

Materials and methods
Treatment device and protocol

CGRI teaches a specific breathing style via a system
providing real-time feedback of respiratory rate (RR) and
exhaled carbon dioxide (etCO,) levels facilitated by health
coaching and data capture. The CGRI system described in this
paper combines: (a) a proprietary sensor for measurement of
(b)

protocol pre-loaded on a tablet running Android 4.0 or higher

respiratory data, an app-based respiratory feedback

(c) secure automatic data capture of adherence, physiological,
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and symptom severity metrics, and (d) telehealth training/
coaching to educate and support patient use of the system.

The respiratory sensor (see Figure 1) measures breath-to-
breath RR and etCO, sampled via a small diameter nasal
cannula. During a treatment session, real-time physiologic
parameters are calculated by the sensor and transmitted to the
Bluetooth®-connected tablet running dedicated, proprietary
software. Respiratory data are graphically and numerically
displayed, and audio/text instructions are provided by the
tablet app. Per FDA clearance, prospective patients are
authorized for the treatment by a licensed healthcare provider
who affirms presence of the relevant conditions (panic
disorder, panic attacks, or PTSD) and absence of contra-
indications such as pregnancy, severe COPD or unstable
psychiatric condition.

Twice-daily sessions for 28 days are recommended. Each
17-min session comprises three stages: (a) two minutes of
baseline respiratory measurement (patients are instructed to
breathe as usual with eyes closed), (b) 10 min of respiratory
pacing measurement (patients are instructed to breathe in
sync with a rising and falling audio tone and to adjust

10.3389/fdgth.2022.976001

respiratory volume guided by display of etCO, levels relative
to the normal range, and (c) five minutes of transition
measurement (maintain paced breathing and etCO, level
without cueing by audio tones). The rationale of this final
phase is to “stamp in” the targeted respiratory style with
reduced feedback, thus engendering self-management skills
that promote awareness of the onset of dysregulated breathing
and the capacity to substitute the learned breathing style. An
actual patient example of RR and etCO, graphs at baseline, 7
days, and 28 days is seen in Figure 2. Note the progressive
normalization of etCO, values and slowing/stabilization of
respiratory rate during the 28-day course of treatment.
Patients are classified at the initiation of treatment as panic
or PTSD based on their initial clinical assessment, with all
patients receiving an identical treatment protocol. Patients
complete a baseline Panic Disorder Severity Scale (PDSS) (28)
or PTSD Checklist for DSM-5 (PCL-5) (29) followed by self-
report PDSS measurements (panic patients) or PCL-5 at post-
treatment via embedded scale questions on the tablet computer.
An initial 45-min secure video teleconference is conducted
with an assigned health coach who provides: (a) the treatment

FIGURE 1
CGRI system.

SESSION DAY 1 SESSION DAY 7

SESSION DAY 28

TS GTT P

Patient Respiration Rate: 13

WL

Respiration Rate: 6

FIGURE 2
Respiratory feedback display.
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rationale, (b) determination of patient goals/expectations, (c)
education regarding diaphragmatic breathing and respiratory
targets, (d) instructions for using the sensor/tablet, and (e)
observation/feedback while the patient undertakes an initial
session. Weekly 10-15-min follow-up sessions with the health
coach review the prior week’s sessions (available to the patient
on the tablet and the coach on a secure portal) and provide
coaching for continued progress. Although interactive video is
the these
communication via phone or text can be substituted based on

preferred method for follow-up  sessions,
patient preference and progress. Weekly coaching notes are
reviewed by clinical management and an end-of-treatment
summary report consisting of initial and final session graphs,
adherence information, coach observations, and symptom

changes during treatment is sent to collaborating clinicians.

Remote monitoring and data capture

Following each session, data are uploaded from the tablet to
a secure server. Data include breath-by-breath physiological
data (mean respiratory rates and mean etCO, values for each
of the session stages), self-reported symptoms as indexed by
the PDSS or PCL-5 surveys, and images of the session graph
(identical to what was seen by the patient on the tablet).
Uploaded session data are maintained in a database with
query and viewing tools facilitating longitudinal review of
sessions by the assigned health coach. This review provides
valuable information for identifying and addressing issues
related to adherence problems, difficulties attaining respiratory
targets, and symptom changes. Aggregation of patient data on
a monthly, quarterly, and annual basis are conducted to track
overall adherence, patient attrition, and clinical response rates.

Methods
Participants and source

This sample is comprised of 1,569 patients treated with
CGRI between September 01, 2017 and September 16, 2021,
drawn from a larger pool of 3,050 total patients treated with
the first  availability.
demographics are seen in Table 1. As consumers of routine

intervention  since Participant

clinical ~care, patients included insured and self-pay
participants and were not paid for participation in this study.
Self-report clinical rating surveys were not embedded into the
tablet software until September 2017. Therefore, the 1,481
patients treated prior to availability of the in-app survey are
excluded from this analysis. These 1,569 patients with pre/
post surveys represent 89% of treatment completers during
the study period, meaning that completed end-of-treatment

surveys were missing for 11% of patients. During the study
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TABLE 1 Demographic breakdown by diagnostic group.
PD (N=1,395) PTSD (N=174)

M SD M SD
Age 39.2 13.9 40.9 14.9
Gender N % N %
‘Women 1,060 76 127 73
Men 335 24 46 26
Unknown 0 0 1 1

time frame, 10% (279) of PD patients and 11% (36) of PTSD
patients were classified as dropouts, having completed fewer
than 6 total sessions. Reasons for drop out were not
systematically recorded.

As per FDA requirements, patients were authorized for
treatment by a licensed healthcare provider. Authorizing
clinicians included both independent practicing professionals
as well as contracted, state-licensed professionals who
obtained a health history, the of

contraindications, and obtained a pre-treatment PDSS or

confirmed absence
PCL-5 to determine eligibility and baseline symptom severity.
Individuals who were under the age of 13, pregnant, had
COPD or other advanced respiratory illness, inadequately
suicidal
screened out.

controlled seizures or asthma, active ideation,

schizophrenia, or active psychosis

Authorizing clinicians required individuals with medical

were

complexity or Covid-19 history and residual respiratory
symptoms to obtain additional medical clearance from a
personal physician.

A diagram of patient flow is detailed in Figure 3. For the
purposes of this analysis, data were de-identified and
compiled in aggregate from a secure database. At initiation of
treatment, patients gave consent for inclusion in research
conducted via analysis of de-identified data such as reported
their
conditions. Retrospective IRB-exempt status was granted for

here in acceptance of pre-treatment terms and
this analysis of de-identified data by the Institutional Review
Board, University of (IRB  ID-

STUDY00003542).

Texas at Austin

Measures

Patient physiological metrics were uploaded via Wi-Fi or
cellular LTE to a secure server at the completion of each
session and maintained in a database. Respiratory metrics
(average respiratory rate and etCO2) were captured for each
of the three stages of the 17-min sessions.

Self-reported panic symptom severity was measured using
the 7-item Panic Disorder Severity Scale. Self-reported PTSD
symptom severity was measured using the 20-item PCL-5.
Baseline measures for both PD and PTSD scales were
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Started treatment

N=2,736
Dropped out mid- Completed
treatment treatment
N =279 (10%) N = 2,457

Pre- and post-treatment assessments
available

N=1,395

Started treatment
N =314

Dropped out mid- Completed
treatment treatment

N =36 (11%) N =278

Pre- and post-treatment assessments
available

N=174

FIGURE 3
Patient flow
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Distribution of symptom reduction.

obtained by the referring clinician or recorded during an
assessment/authorization interview by a licensed healthcare
professional. The post-treatment assessment of both the PDSS
and the PCL-5 were administered on-screen via the tablet
computer. Patients were classified as normocapnic (etCO, >
37) or hypocapnic (etCO,<37) from the average baseline-
stage of the first at-home treatment sessions for purposes of
examining the role of changes in respiratory characteristics
over the course of treatment.

Statistical methods

For non-dropout panic patients with both pre-and-post
treatment survey scores, clinical response was defined as a
40% or greater reduction in scores on the PDSS; remission
was defined as a score of five or less on the PDSS (30). For
non-dropout PTSD patients, treatment response was defined
as a reduction of PCL-5 score > 10 points (31). Proportions of
participants with the desired outcome and associated 95%
lower bounds were estimated. Changes in mean scores were
compared using a t-test and effect sizes calculated. A modified
intent to treat analysis was also performed which included all
patients who were trained on the treatment during the time
frame in which pre- and post-treatment scales were available.
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In order to more fully triangulate the construct of clinically
meaningful change, we utilized the Jacobsen et al. (32) two-
pronged statistical approach for determining clinically
significant improvement for each participant. Briefly, this
the of whether
participant’s magnitude of pre-to-post change is statistically
reliable. This step is accomplished by calculating the Reliable
Index (RCI) for

participants showing statistically reliable improvement (RCI =

index first requires assessment each

Change each participant. For those

1.96 or greater), a determination is then made as to whether
the
distribution of scores for patients without the targeted

the participant’s posttreatment score is closer to
disorder (PD or PTSD) or whether patient’s post-treatment
score continues to fall within the distribution of scores for the
PD and PTSD disordered groups.

Treatment adherence was calculated by determining the
proportion of the 56 recommended CGRI sessions completed
over the course of the study, based on objective data
automatically captured to the cloud-based server. Because some
patients completed more than the required number of
respiratory sessions, we coded all patients who completed 56 or
more sessions as 100% compliant; for all others, we calculated
adherence as the number of completed sessions divided by 56.
Treatment dropouts were defined as patients completing <6

sessions; these patients are included in the intent to treat analysis.
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Results
Symptom severity

For the PD cohort, the mean PDSS score declined from 14.7
(sd =5.8) at baseline to 7.2 (sd =5.7) at post-treatment. This 7.5-
point decline represents a 50% decrease, with a large effect size
(Cohen’s d=1.3). PDSS reduction of at least 40% was attained
by 911 patients [65.3% (95% CI-62.7%-67.8%)]. Scores reflecting
likely remission on the PDSS were recorded for 577 patients
[41.4% (95%CI-38.7%-44.0%)]. Calculation of the Reliable
Change Index classified 55.7% [95% CI-53.0%-58.3%] of
participants as treatment responders. A modified intent to treat
analysis of PD patients (n=1,610) identified 979 patients as
treatment responders [60.8% (95% CI-58.4%-63.2%)] and 609
patients as achieving remission [37.8% (95% CI-35.5%-40.3%)].
Calculation of the Reliable Change Index classified 51.9% [95%
CI-49.5%-56.5%] of participants as treatment responders.

For the PTSD cohort, the mean PCL-5 score dropped from
479 (sd=15.4) at baseline to 28.2 (sd =18.4) at posttreatment.
This 19.7-point change represents a 41.1% decrease and a large
effect size (Cohen’s d=1.16). Within the PTSD cohort, 126
patients [72.4% (95%CI-65.0%-78.9%)] had a PCL-5 reduction

TABLE 2 Pre to post changes on primary outcomes for each diagnostic
group (completer sample).

Outcome PD PTSD
(N=1395) (N=174)
PDSS PCL-5

M SD M SD
Baseline 14.7 5.8 47.9 154
Posttreatment 7.2 5.7 282 18.4
P-Value <0.001 <0.001
Effect Size - Cohen’s D 1.31 1.16
Reliable Change (%) 55.7 53.5
Average Adherence (%) 74.8 74.9

TABLE 3 Pre to post changes on primary outcomes for each diagnostic
group (intent-to-treat sample).

Outcome PD PTSD
(N=1610) (N =246)
PDSS PCL-5

M SD M SD
Baseline 14.7 5.7 48.8 15.0
Posttreatment 7.8 5.9 347 20.6
P-Value <0.001 <0.001
Effect Size - Cohen’s D 1.21 0.78
Reliable Change (%) 51.9 40.6
Average Adherence (%) 71.9 68.6
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of at least 10 scale points. Calculation of the Reliable Change
Index classified 53.5% [95% CI- 46.0%-60.9%] of participants as
treatment responders. A modified intent to treat analysis of
PTSD patients (n =246) recorded response rates of 56.9% [95%
CI-50.5%-63.2%]. Calculation of the Reliable Change Index
classified 40.6% [95%CI-34.5%-47.1%)
treatment responders. Distribution of changes in symptom

of participants as

scores can be seen in Figure 4. Results are tabulated in Tables 2
(Completer Sample) and Table 3 (Intent to Treat Sample).

Adherence

The PD group averaged 42 completed sessions of the
recommended 56, a 75% adherence rate, while the PTSD
cohort averaged 42 completed sessions of the recommended
56, representing a 75% adherence rate. Distribution of overall
adherence can be seen in Figure 5. The relationship between
adherence and symptom reduction (as measured by percent of
participants reaching clinically significant symptom reduction)
is illustrated in Figure 6.

Respiratory parameters

Of the 1,395 panic completers, 900 (65%) were classified at
baseline as normocapnic and 495 (35%) were classified as
hypocapnic. Pre- to post-treatment etCO, mean changed from
32.8 (sd=2.73) to 36.8 (sd=3.96) at post-treatment for the
hypocapnic group and 39.6 (sd=2.50) to 39.9 (sd=3.57) for
the normocapnic group. The 1.15 effect size for the hypocapnic
group exceeded the 0.12 value for the normocapnic group.
PDSS
calculated, the normocapnic and hypocapnic groups each

When effect sizes for symptom reductions were
showed large effect sizes (1.29 and 1.32, respectively).

Of the 174 PTSD completers, 115 (66%) were classified at
baseline as normocapnic and 59 (34%) were classified as
hypocapnic. Pre- to post-treatment mean etCO, changed from
33.7 (sd=2.05) to 37.2 (sd=3.69) at post-treatment for the
hypocapnic group and 39.3 (sd=2.50) to 39.5 (sd =3.66) for
the normocapnic group. The 1.19 effect size for etCO,
increase in the hypocapnic group exceeded the 0.08 value for
the normocapnic group. When effect sizes for PCL-5
symptom reductions were calculated, the normocapnic and
hypocapnic groups each showed large effect sizes (1.12 and
1.25, respectively). Table 4 details the relationship of baseline

etCO, levels to outcomes.

Discussion

Our primary aim in this report is to present real-world
effectiveness data for CGRI in clinical practice. Statistical
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TABLE 4 Normocapnic vs. hypocapnic subjects.

10.3389/fdgth.2022.976001

Condition Panic Disorder PTSD

etCO, Status Normocapnic Hypocapnic Normocapnic Hypocapnic
N= 900 495 115 59

Mean (sd) Baseline etCO2 39.58 (2.50) 32.84 (2.73) 39.23 (2.62) 33.66 (2.05)
Mean (sd) Final etCO2 39.94 (3.57) 36.76 (3.96) 39.49 (3.66) 37.22 (3.69)
P value change 0.013 <0.001 0.53 <0.001

D Value for etCO, Change 0.112 1.15 0.083 1.193
Mean (sd) Symptom Reduction 51.1% (5.92) 48.57% (6.32) 40.3% (18.13) 42.58% (13.48)
P value change <0.001 <0.001 <0.001 <0.001

D Value for Symptom Change 1.29 1.32 1.12 1.25

analyses of outcomes in this cohort of over 1,500 patients reflect
significant and clinically meaningful symptom decreases in both
panic and PTSD groups, with large effect sizes when comparing
mean pre-treatment to post-treatment scores. As points of
reference, the clinical outcomes documented in this data set
are comparable to those seen in the prior published trials.
The mean 7.5-point PDSS decline compares favorably with
the 9.4 recorded by Tolin et al. (20), with large effect size in
each report (1.31 vs. 2.3 respectively). The 19.7-point pre-post
PCL-5 decline exceeds levels accepted for clinically significant
change, and the final 28.2 mean score falls at the lower range
of the 28-37 cutoff scores commonly used as threshold
identifying likely presence of PTSD (31). Although the PCL-5
and CAPS-5 are different instruments, network analysis
methods (33) suggests that the two scales provide comparable
measurement of PTSD symptoms. The large effect size for the
PTSD cohort in the current analysis (1.16) approximates the
1.3 obtained in Ostacher et al. (23).

As seen in the prior CGRI trials (20, 23), patients who began
treatment with hypocapnic etCO, levels showed significantly
greater increases in mean exhaled carbon dioxide levels
following treatment than normocapnic subjects. These results
conform to expectation. Normocapnic subjects would not be
expected to increase these levels beyond 40 mmHg as patients
are coached by the intervention to target etCO, around this
range value. With identical directions, the final etCO, values
for the hypocapnic subgroups on the other hand increased by
approximately 4 mmHg, representing goal attainment and
significant normalization of this respiratory measure. Prior
studies have shown that both normocapnic and hypocapnic
subjects achieve significant clinical benefit after use of this
intervention. Similar results are seen in the present study,
with large effect sizes (range 1.11 to 1.32) across the
normocapnic and hypocapnic subgroups for each condition.

An RCT comparing Meuret’s CART protocol with a cognitive
therapy arm (24) demonstrated significant and comparable benefit
from both treatments, but concluded that etCO, increases were a
significant mediator of change in the CART condition but not in
the cognitive therapy condition. The author concluded that
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changes in etCO, are directly responsible for some of the
symptom reduction in the respiratory therapy. It is unlikely that
a single mechanism of action is responsible for the clinical
benefit seen consistently with the CGRI and CART protocols,
with individuals with normal and depressed etCO, baseline
levels appear to benefit comparably.

It is possible that lower-than-normal etCO, levels during a
single, brief baseline measurement is an inadequate surrogate
for dysfunctional breathing in symptomatic individuals.
Rapid and variable respiratory rate as well as significant
decreases in etCO, during the “pacing” phase of the CGRI
treatment are commonly observed but not analyzed in the
present study. These metrics are the subject of planned
addition,
respiratory instability has been observed during the onset of

subsequent analyses. In significant  cardio-

panic attacks (34), raising the possibility that individuals
control  via the CART/CGRI
skills that inhibit
escalation at the point of interoceptive awareness

learning  respiratory

interventions may develop symptom
of
respiratory distress or in response to triggering external
events. Feinstein and colleagues’ work discussed earlier (26)
also suggests that respiratory stability may function within
neural networks to suppress the apnea-induced anxiety that
the authors implicate in symptom surge and learned
avoidance. In summary, the continuing evidence of benefit to
hypocapnic as well as normocapnic individuals suggests that
a single measure of low baseline etCO, level does not
function as a meaningful biomarker for treatment response.
Planned future research will look at reactivity to CO,
challenge and other measures of dysfunctional breathing as
well as non-respiratory potential predictive biomarkers.

The relationship between completed sessions and symptom
reduction (see Figure 6) suggests a distinct “dose/response”
relationship. Negligible symptom reduction is detected in
patients completing fewer than 15 session, with clinical
response rising robustly in the next quartile of participants
and plateauing or increasing by the final quartile, marked by
completion of 43 or more sessions. Standard coaching
protocol is to advocate for maximum adherence, and the 75%
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adherence rate documented here suggests that most patients
respond positively to those recommendations. We observe that
some patients show rapid respiratory control and symptom
reduction within the first two weeks of treatment, and it is
possible that adherence in this subset may decline for patients
who are experiencing rapid symptom relief and are able to
stabilize breathing without twice-daily formal practice. However,
the current data does not examine this potential relationship,
nor do we know whether maintenance of symptom reduction
beyond immediate post-treatment may be diminished in
patients who fail to complete a threshold mark, suggested by
the current data to be in the range of 60%-70% adherence.

The real-world outcomes reported here are appropriately
compared to established treatments. For panic conditions,
antidepressants and benzodiazepines are considered first line
medications. Risk of abuse, side effect burden, and risk of
relapse following discontinuation are commonly reported
challenges with psychopharmacology (35, 36). The National
Center for PTSD (37) has moved medications to a second line
option for PTSD, with strong first -line recommendations for
manualized trauma-focused psychotherapies. While cognitive
behavioral therapies are widely considered to have the strongest
evidence base for psychotherapeutic treatment of the anxiety
disorders, limitations are noted in key reviews of CBT regarding
response rates and tolerability (38-43). In contrast, benefits of
CGRI in the context of this study include brief duration of
treatment, at-home administration,

clinically ~ significant

symptom reduction, and favorable adherence/dropout rates.

Limitations

Several limitations of this effectiveness study deserve
comment. First, as is the case with all non-randomized
treatment effectiveness studies, threats to internal validity
(e.g., selection, regression to the mean, etc.) cannot be ruled
out. However, there are several features of this study that
increase confidence that the symptom reduction observed in
both cohorts was likely due to the CGRI intervention as
opposed to extraneous factors. For instance, the low drop-out
rates observed for both cohorts (<11%) were well below that
observed in most psychotherapy RCT’s for panic disorder or
PTSD, thus reducing the likelihood that patient attrition was
biasing the treatment response rate. Moreover, both PD and
PTSD tend to show a chronic clinical course without
treatment (44, 45), thus helping to rule out regression to the
mean or spontaneous remission as likely candidates for
explaining the observed symptom reduction.

As with most effectiveness studies, inclusion criteria were
relaxed and geared towards clinicians’ judgement of patient
suitability for treatment rather than symptom cutoff scores or
other trial enrollment criteria. This resulted in some patients
scoring in the marginal range of symptom severity at pre-
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treatment. However, the average mean PDSS and PCL-5
scores at entry were at clinically significant levels and
comparable to those reported in prior CGRI trials. These data
suggest that the screening and authorization processes largely
enroll patients with the intended conditions.

A third limitation of this open-label trial is the absence of an
active control condition or a stringent respiratory control
intervention such as false respiratory feedback. Future studies
are needed to disentangle whether CGRI-induced symptom
changes are mediated by changes in respiratory parameters (i.e.,
respiration rate and etCO, levels) in addition to or as opposed
to alternative putative mechanisms such as expectancy effects,
desensitization to dyspnea, or change in self-efficacy for
controlling symptoms. A fourth limitation of this study is the
absence of extended follow-up outcome assessments, thus
precluding conclusions regarding the durability of the CGRI-
induced symptom changes. However, prior trials have reported
sustained treatment benefit at six to twelve-month follow ups
(20, 21, 23). The size of the PTSD cohort is substantially less
than that for PD, which reflects the more recent FDA clearance
for PTSD for this treatment. Although encouraging, additional
in PTSD
determine if the response rates seen in this analysis remain

review of outcomes for CGRI is warranted to
consistent as treatment volumes increase.

Finally, many potential prognostic variables (e.g., comorbid
psychiatric and medical conditions, prior history of treatment,
duration of disorder, etc.) were not included as part of data
Data treatment  with
psychotherapy or medication were not obtained, thus presenting

capture. concerning  concurrent
an important confound in the study, i.e., whether the benefits

obtained were independent of or synergistic with other therapies.

Challenges and treatment
enhancements

While positive clinical benefit and adherence levels are
described in the paper, experience and patient feedback point
to certain areas needing improvement. The CGRI protocol
provides the same instructions and performance targets
regardless of baseline patient characteristics. As an example, a
patient with significantly below-normal etCO, and/or rapid,
unstable respiratory rate is given the same set of instructions
and targets as a patient with more normal baseline respiratory
style. Perhaps as a consequence, some patients experience
distressing air hunger in the early stages of treatment, as
reduced respiratory volume is the behavior necessary to raise
etCO, in hypocapnic users. With coaching support and
education, many individuals tolerate this side effect and persist,
while others may discontinue treatment. A related complaint
comes from individuals who are self-described “perfectionists”
who are frustrated with their inability to hit the 40 mmHg
target initially and express dissatisfaction or distress related to
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lack of perceived success. No systematic method for identifying or
ameliorating these or other reasons for non-compliance is
currently in place. Evaluation of CGRI in randomized control
studies with sham or active control arms will be important in
validating the accumulating evidence from open label and real-
world trials discussed in this paper.

Future product development intends to broaden the scope of
demographic and health data obtained upon registration, which
may allow for greater precision in predicting which patients are
likely to respond to this intervention. Additionally, gamification
and individualization of the treatment protocol represents an
important opportunity to improve engagement and perhaps
enhance outcomes. Such efforts may optimize application to
sub-populations such as adolescents and individuals with
attentional difficulties.

Conclusions

Clinically meaningful symptom reductions in both PD and
PTSD patients were achieved using the CGRI treatment. The
symptom reductions reported here are consistent with prior
published research that tracked outcomes to six months or one
year and provide encouraging evidence of clinical effectiveness
when the treatment is delivered outside of a formal research
setting. The embedded data analytic capacities provide
automatic compilation of key outcome metrics such as those
reported in this paper. Dissemination of real-world data such
as these are vital for evaluating the viability (clinical benefit as
well as engagement) of emerging treatments such as CGRL
Adoption of prescription digital therapeutics such as CGRI
hold promise for expanding access and patient choice in the
treatment of panic disorder and PTSD.
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Introduction: Multiple sclerosis (MS) is characterized by a wide range of disabling
symptoms, including cognitive dysfunction, fatigue, depression, anxiety, pain, and
sleep difficulties. The current study aimed to examine real-time associations between
non-cognitive and cognitive symptoms (latter measured both objectively and
subjectively in real-time) using smartphone-administered ecological momentary
assessment (EMA).

Methods: Forty-five persons with MS completed EMA four times per day for 3 weeks.
For each EMA, participants completed mobile versions of the Trail-Making Test part
B (mTMT-B) and a finger tapping task, as well as surveys about symptom severity.
Multilevel models were conducted to account for within-person and within-day
clustering.

Results: A total of 3,174 EMA sessions were collected; compliance rate was 84%.
There was significant intra-day variability in mTMT-B performance (p < 0.001) and
levels of self-reported fatigue (p < 0.001). When participants reported depressive
symptoms that were worse than their usual levels, they also performed worse
on the mTMT-B (p < 0.001), independent of upper extremity motor functioning.
Other self-reported non-cognitive symptoms were not associated with real-time
performance on the mTMT-B [p > 0.009 (Bonferroni-corrected)]. In contrast, when
self-reported fatigue (p < 0.001), depression (p < 0.001), anxiety (p < 0.001), and pain
(p < 0.001) were worse than the individual's typical levels, they also reported more
severe cognitive dysfunction at the same time. Further, there was a statistical trend
that self-reported cognitive dysfunction (not mTMT-B performance) predicted one’s
self-reported sense of accomplishment in real-time.

Discussion: The current study was the first to identify divergent factors that influence
subjectively and objectively measured cognitive functioning in real time among
persons with MS. Notably, it is when symptom severity was worse than the individual's
usual levels (and not absolute levels) that led to cognitive fluctuations, which
supports the use of EMA in MS symptom monitoring.

multiple sclerosis (MS), experience sampling, cognitive impairment, depression, anxiety,
fatigue, pain, sleep
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1. Introduction

Multiple Sclerosis (MS) is a demyelinating, neurodegenerative
disorder of autoimmune causes that disrupts the central nervous
system (CNS). It is among the most common neurological diseases,
and its age of onset typically occurs between 20 and 50 years (1).
MS is accompanied by a range of symptoms, including cognitive
dysfunction, fatigue, pain, mood changes, sleep problems, weakness,
motor problems, and visual impairment (2).

Cognitive dysfunction, perhaps the most disabling manifestation
of MS, is present in approximately 45-60% of MS cases (3, 4). Deficits
in learning and memory as well as information processing speed
are the most prevalent cognitive deficits in MS (5). Difficulties are
also evidenced in complex attention, executive functioning, working
memory, and visuospatial functions (5). Such impairments can affect
everyday tasks of individuals with MS, disrupting their quality of life,
overall wellbeing, and physical and social functioning (6).

Multiple sclerosis symptom severity can fluctuate throughout the
day and week (7, 8), which is not captured by traditional clinical
tools that ask patients to rate their average symptoms over a period
of time (e.g., over the past week or month). The retrospective nature
of these inventories can introduce recall bias (9), which is especially
problematic for a population with memory difficulties such as MS.
There is a need for real-time assessment of MS symptoms, which will
improve our understanding of day-to-day symptom variability and
inter-symptom associations, as well as advance the development of
individualized MS treatment recommendations.

Ecological momentary assessment (EMA) is an approach that
repeatedly samples an individual’s experiences in real time (e.g.,
asking them to report their symptom severity weekly, daily, or
even every few hours) (10). By assessing real-time MS symptom
severity several times per day, EMA allows for direct examination
of within-person dynamics and diurnal symptom patterns. EMA has
been widely used in studying behavioral health and psychological
symptoms such as mood, addiction, and wellbeing (10). However,
few MS studies have used this paradigm. Available, albeit limited, MS
studies using EMA have shown good feasibility with relatively high
compliance rates among their participants, ranging from 83 to 91%
(7, 11). The current study will add to this emerging literature.

As with other MS symptoms, cognitive functioning is variable
and can fluctuate on a daily basis due internal (e.g., stress) (12) or
external triggers (e.g., temperature) (13). With the advent of mobile
technology, cognitive assessment can now be easily administered
through an individual’s smartphone. When combined with EMA,
mobile cognitive testing permits the study of real-time associations
among cognition, everyday tasks and environment, and other
related symptoms (14). For example, an EMA study conducted in
middle-aged and older adults with HIV found that engagement in
cognitively stimulating activities was associated with better executive
functioning and verbal learning, while engagement in more passive
activities resulted in worse executive functioning and verbal learning
performance (14).

Among the limited literature using EMA in MS, most
investigations focused on fatigue. These studies have shown
substantial within-person variability in fatigue intensity (7, 15), which
justifies the use of EMA in this population. Only one research
group has examined a broad range of symptoms, including cognitive
dysfunction, depressed mood, fatigue, and pain, as well as inter-
symptom associations (6, 7, 16). A study conducted by this group
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found that poorer cognitive functioning was preceded by worsening
within-day pain and fatigue (16). However, cognitive functioning in
this study was based on self-report. Given that studies have shown
that self-reported cognitive dysfunction do not always correlate with
objectively measured cognition (17, 18), more research is needed to
clarify the associations between non-cognitive MS symptoms and
both subjective and objective cognitive outcomes. Notably, the study
found that it was only within-person changes (or “state”) in symptom
ratings that were associated with other symptoms, and there were
no cross-symptom associations in mean symptom levels across time
points (or “trait”) (16). The state aspect of a symptom refers to
transient fluctuations at a point in time that can be affected by
situational contexts (e.g., being more anxious than usual because of
a doctor’s appointment). The trait aspect of a symptom represents the
typical pattern for an individual (e.g., usual levels of anxiety) (19).
Given the high sampling frequency, EMA enables such separations.

The current study aimed to use smartphone-administered EMA
to investigate and characterize real-time relationships between
non-cognitive and cognitive symptoms among persons with MS.
We expect that deviations in non-cognitive MS symptoms from
individuals’ typical levels will be associated with real-time cognitive
changes. The current study will address the limitations of prior
studies by measuring cognitive functioning both objectively and
subjectively.

2. Materials and methods

2.1. Participants

Participants were recruited through online advertisements on
the National MS Society and Kessler Foundation websites and
social media. Interested prospective participants would contact
the research team and undergo a brief phone screening to
ascertain eligibility. Inclusion criteria included: (1) ownership of
an iPhone, (2) access to a desktop or laptop computer that is at
least 13 inches in screen size, (3) English is primary language,
and (4) self-reported diagnosis of MS by a medical professional.
Exclusion criteria consisted of: (1) self-reported diagnosis of
neurological conditions other than MS, (2) self-reported diagnosis
of serious mental illness (e.g., schizophrenia, bipolar disorder),
(3) self-reported diagnosis of attention-deficit/hyperactive disorder
or specific learning disorder, (4) self-reported problems with
substance misuse, (5) presence of sensory or motor difficulties
that would interfere with validity of study assessments (self-
reported and through examiner observation), and (6) self-reported
MS relapse/exacerbation symptoms within the month prior to
enrollment. The study was approved by the Kessler Foundation
Institutional Review Board. All participants provided electronic
written informed consent through Research Electronic Data Capture
(REDCap) tools (20, 21), hosted by New Jersey Medical School,
Rutgers University.

2.2. Procedures

Data collection took place between April 2021 and February
2022. Due to the coronavirus disease 2019 (COVID-19) pandemic
(22), all study procedures were conducted virtually. Participants
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TABLE 1 Ecological momentary assessment protocol.
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FIGURE 1

Screenshots of MTMT-B and finger tapping tasks. Panel (A) is
screenshot of the mobile Trail-Making Test part B (mTMT-B) task.
Panel (B) is a screenshot of the mobile finger tapping task. Users
performed one trial with their right hand, followed by a second with
their left hand.

completed a virtually administered neuropsychological battery and
self-report inventories at baseline. After the baseline assessment,
they were instructed on downloading and using the study app
(23-25). Then participants were asked to complete EMAs four
times per day for 3 weeks. EMAs consisted of brief self-
report ratings and performance-based tasks delivered through the
participant’s smartphone.

2.3. Baseline assessment

Participants completed a virtually administered baseline
assessment (via videoconferencing), which consisted of a brief
battery of neuropsychological tests and phone-based Expanded
Disability Status Scale (EDSS) (26). The neuropsychological battery
included the oral version of the Symbol Digit Modalities Test
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Fatigue What is your level of fatigue right now on a scale of 0 (no fatigue)—10 (extremely severe fatigue)? Self-report 3x/day
Depression What is your level of depression right now on a scale of 0 (not at all depressed)—10 (extremely depressed)? Self-report 3x/day
Anxiety What is your level of anxiety right now on a scale of 0 (not at all anxious)—10 (extremely anxious)? Self-report 3x/day
Upper extremity What is your level of upper extremity weakness on a scale of 0 (no weakness)—10 (extremely severe weakness)? Self-report 3x/day
weakness
Pain What is your level of pain right now on a scale of 0 (no pain)—10 (worst pain imaginable)? Self-report 3x/day
Overall cognitive What is your level of cognitive function right now on a scale of 0 (good: my thinking is sharp and quick)—10 Self-report 3x/day
function (bad: my thinking is very difficult or slow)?
Executive function Mobile version of the Trail-Making Test part B (25); participants connected consecutive numbers and letters in.  Performance- 3x/day
order; completion time was used as primary outcome in multilevel models based
Upper extremity motor | Mobile version of a Finger Tapping task (30); participants tapped two fingers of the same hand alternatively for| Performance- 3x/day
speed 10 s as quickly as possible; this was done for both right and left hands; average number of taps across two hands; based
was used as covariates in multilevel models
Sleep How many hours of sleep did you get last night? Did you have difficulty falling asleep (yes or no)? Self-report 1x/day
Accomplishment To what extent were you able to accomplish everything you wanted to do today on a scale of 0 (I was unable to Self-report 1x/day
accomplish anything I wanted to do today)—10 (I was able to accomplish everything I wanted to do today)?
(SDMT) (27), which is considered a gold standard clinical trial
A 9.3 (1erron) B : endpoint for MS-related cognitive dysfunction (28) and was
Tap the buttons using bo & 7 "
@ used in the current study to characterize cognitive status (other
your RIGHT hand.

neuropsychological measures were not used and therefore omitted
in this paper). On the SDMT, participants were provided with a key
of nine symbol-digit pairs. They were instructed to call out numbers
associated with symbols presented in the test stimulus set one at a
time as quickly as they could within 90 s. SDMT measures processing
speed, with higher scores indicating faster processing speed. Raw
scores for SDMT were converted to z-scores using normative data
from Strober et al. (29). For the phone version of EDSS, assessment
of ambulation and functional systems were obtained via self-report
based on procedures outlined in Lechner-Scott et al. (26). EDSS is
the standard method for assessing neurological disability among
persons with MS and ranges between 0 and 10 with 0.5 increments
(e.g., 0 = no disability, 2.5 = mild disability, 6.0 = requiring a walking
aid, 9.0 = confined to bed).

2.4. Ecological momentary assessment
protocol

EMAs were administered using the BiAffect app (23-25), which
was available for download for iOS devices through the Apple app
store. There were four EMAs per day during the 3-week monitoring
period. The first three EMAs each day focused on self-reported
symptom severity in real-time and performance on smartphone-
based cognitive and motor tasks (see Table 1 for details on EMA
measures used in this study) including part B of the Trail-Making
Test (mMTMT-B) (25) and a finger tapping task (30). For the mTMT-
B task, participants were asked to connect and alternate between
numbers and letters consecutively and quickly on the screen (see
Figure 1A). For the mobile finger tapping task, participants were
asked to tap two fingers of the same hand alternatively as quickly
as possible for 10 s; they performed one trial with their right hand
and another trial with their left hand (see Figure 1B). Symptom
severity was based on the Visual Analogue Scale (VAS) (31), which is

frontiersin.org


https://doi.org/10.3389/fmed.2022.1049686
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org/

Chen et al.

TABLE 2 Demographic and clinical characteristics of the sample.

Age: mean years (SD); range 41.69 (13.39); 20-70

Sex ‘
Female 41 (91.11)

Male 4(8.89)

Education: number (proportion) ‘
High school graduate or fewer years of 4(8.89)

education

Some college with no degree or associate’s 12 (26.67)

degree

Bachelor’s degree 17 (37.78)

Master’s degree 10 (22.22)

Doctoral degree 1(2.22)

Prefer not to answer 1(2.22)
Race/ethnicity: number (proportion) ‘
Non-Hispanic white 33(73.33)
Non-Hispanic black 5(11.11)
Hispanic/Latino(a) 3(6.67)

Asian 3(6.67)

Prefer not to answer 1(2.22)

MS disease course: number (proportion)

Relapsing-remitting 39 (86.67)

Primary progressive 3(6.67)

Secondary progressive 2(4.44)

Not sure 1(2.22)

MS disease duration: mean years (SD); 11.06 (9.30); 4.38 months—29.95 years
range

EDSS

0-2: number (proportion) 5(11.11)

2.5: number (proportion) 12 (26.67)

3.0: number (proportion) 14 (31.11)

3.5-4.5: number (proportion) 11 (24.45)

> 4.5: number (proportion) 3(6.66)

SDMT: z-score (SD) -1.46 (1.34)

MS, multiple sclerosis; SD, standard deviation; EDSS, Expanded Disability Status Scale; SDMT,
Symbol Digit Modalities Test.

commonly used in EMA research, including EMA studies conducted
in MS (6, 7, 11). The last EMA of the day asked for reports that only
required one response per day (e.g., sleep, sense of accomplishment).
Throughout the monitoring period, participants were prompted to
complete EMAs through text messages (with reminders to complete
them on the study app). They were told to complete each EMA within
1 h of the prompt if not exactly at the prompted time. The first three
EMAs were approximately equally spaced in time throughout the day
(first in the morning, second in mid-day/early afternoon, and third
in late afternoon/early evening) based on the participant’s individual
sleep-wake cycle. If a participant had a different schedule for the
weekend, their EMA schedule was adjusted accordingly. The last
EMA of the day was administered about 1-2 h before the participant’s
bedtime.
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TABLE 3 Intraclass correlations (ICCs) for each symptom
rating/performance.

Between- | Between-day
person ICC within
ICC persons
mTMT-B competition time 0.62 0.11
Self-reported cognitive dysfunction 0.59 0.17
Self-reported fatigue 0.62 0.07
Self-reported depressive symptoms 0.66 0.17
Self-reported anxiety 0.64 0.15
Self-reported pain 0.76 0.08
Self-reported number of hours slept 0.54 N/A
Self-reported difficulties falling asleep 0.64 N/A

ICCs were calculated based on null (unconditional) models with only subject and day
random intercepts. Since sleep questions were only administered once per day, there
were no between-day ICCs.

2.5. Statistical analysis

All analyses were conducted in R version 4.2.1. Descriptive
statistics were used to determine demographic and clinical
characteristics of the sample. Multilevel models were used to
examine intraday variability and associations among EMA measures,
in order to account for within-subject and within-day clustering. All
multilevel models included random intercepts for the subject (to
account for within-person clustering) as well as random intercepts
for concatenation of subject and day variables (e.g., day 1 for subject
0001 is 00011, day 2 for subject 0001 is 00012, etc.; to account
for within-day clustering) (32), except for variables collected for
only once per day (i.e., sleep, sense of accomplishment) which
only included the subject’s intercept. All models were fit using the
restricted maximum likelihood approach, which is the recommended
default method by the R packages Ime4 (33) and ImerTest (34).

2.5.1. Compliance to EMA and intraclass
correlations

For the first three EMAs of each day (which were time-
sensitive), we included the responses in the final dataset if the
EMA was completed within 2 h before or after the scheduled
time. If participants completed multiple EMA measures within each
scheduled period, the first complete response was used. For the last
EMA of the day (not time-sensitive), we used the first complete
response submitted after the third time-sensitive EMA. Compliance
was defined as the ratio of completed EMAs within the specified time
periods out of the total number of required EMAs. ICCs for each
symptom rating and performance was calculated based on the null
(unconditional) multilevel models (with only the random intercepts
without fixed effects). ICCs signified the proportions of between-
person (in this case, random variance for the subject ID variable)
and between-day (in this case, random variance for the concatenated
subject and day variable) variances out of the total random variance
for each outcome.

2.5.2. Separating state and trait aspects of
symptom rating/performance

We separated state (how each symptom varied from the
individual’s typical level) and trait (each individual’s typical level
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Intra-day fluctuations of symptom severity. Both objectively and subjectively measured cognition was worse in the morning and end of day compared to
the middle of the day. Anxiety ratings showed the opposite trend and peaked at mid-day. Fatigue ratings increased steadily throughout the day. There
were no significant intra-day variations in ratings of pain and depressive symptoms. Each plot represents predicted values from multilevel models for the
session fixed effect. Error bars represent 95% confidence intervals. mTMT-B, mobile Trail-Making Test part B.

of symptom severity) aspects of each symptom rating/performance
score using participant-mean centering (35). First, for each
symptom rating/performance, the scores for different EMA
sessions were averaged within each participant, creating the
participant means which were also the trait aspect of that symptom
rating/performance (e.g., each individual’s typical level of depressive
symptoms). Then, we centered each EMA score around the
participant mean; this was the state aspect of each symptom
rating/performance for each EMA session (e.g., when depressive
symptoms were more or less severe than the individuals typical
level of depression). For self-reported difficulties falling asleep,
since it is a binary variable (not continuous), we did not separate
their state and trait aspects because there were no “participant
means.”

2.5.3. Intra-day fluctuations in symptom severity

Multilevel models were conducted to evaluate symptom
fluctuations over time. In these models, each MS symptom
rating as well as mTMT-B completion time were outcomes,
and session number was fixed effect predictor. For mTMT-B,
the model was adjusted for age, mean bilateral finger tapping
performance (number of taps), state and trait upper extremity
weakness rating, and measurement number (to account for
practice effects). For self-reported symptom ratings other than
depressive symptoms (self-reported cognitive dysfunction, fatigue,
anxiety, pain, and sleep), models were adjusted for state and
trait depressive symptom ratings (to account for response bias
due to depression).

Frontiers in Medicine

51

2.5.4. Real-time associations between symptom
ratings and cognitive functioning in real time

Multilevel models were used to determine real-time associations
between non-cognitive symptom ratings (fatigue, depression, anxiety,
pain, and sleep; state and trait aspects of each symptom as well as their
interactions as fixed effect predictors in each model) and measures
of cognition (mTMT-B completion time and self-reported cognitive
dysfunction; each as outcome in separate model). As in previous
models, models with mTMT-B completion time as outcome were
adjusted for age, mean bilateral finger tapping performance, state and
trait upper extremity weakness rating, and measurement number.
Models with self-reported cognitive dysfunction rating as outcome
were adjusted for state and trait depressive symptom ratings.

2.5.5. Real-time associations between cognitive
functioning and self-reported sense of
accomplishment in real time

Multilevel models were used to examine real-time associations
between cognitive functioning (mTMT-B and self-reported cognitive
dysfunction) and perceived sense of accomplishment, with state
and trait aspects of the former as fixed effect predictors and latter
as outcome. Models were adjusted for state and trait depressive
symptom ratings.

2.5.6. Multiple comparison corrections

Since each set of analyses answered an independent question,
we adjusted for multiple comparisons using Bonferroni correction
for each outcome separately (instead of adjusting for all models
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TABLE 4 Model estimates for intra-day symptom fluctuations.

95%
confidence
intervals

Standardized
coefficient

Contrast

mTMT-B completion time

Session 2 vs. session 1 —0.17 —0.23to —0.11 < 0.001*
Session 3 vs. session 1 —0.06 —0.12 to 0.00 0.041
Session 3 vs. session 2 0.10 0.04 t0 0.17 < 0.001*
Self-reported cognitive dysfunction

Session 2 vs. session 1 —0.05 —0.10 to 0.01 0.076
Session 3 vs. session 1 0.03 —0.03 to 0.08 0.334
Session 3 vs. session 2 0.07 0.02 t0 0.13 0.008*
Self-reported fatigue

Session 2 vs. session 1 0.07 0.01t00.13 0.025
Session 3 vs. session 1 0.21 0.15t0 0.27 < 0.001*
Session 3 vs. session 2 0.14 0.07 to 0.20 < 0.001*
Self-reported depressive symptoms

Session 2 vs. session 1 0.02 —0.03 to 0.08 0.412
Session 3 vs. session 1 0.04 —0.01to 0.10 0.111
Session 3 vs. session 2 0.02 —0.03 t0 0.08 0.461
Self-reported anxiety

Session 2 vs. session 1 0.12 0.07 to 0.18 < 0.001*
Session 3 vs. session 1 0.06 0.01t00.11 0.020
Session 3 vs. session 2 —0.06 —0.12 to -0.01 0.025
Self-reported pain

Session 2 vs. session 1 0.03 —0.01to 0.07 0.162
Session 3 vs. session 1 0.05 0.01 to 0.09 0.026
Session 3 vs. session 2 0.02 —0.03 to 0.06 0.436

All models included random intercepts for subject and an aggregated subject and day variable.
Models with mTMT-B as outcomes included age, mean bilateral finger tapping performance,
state and trait upper extremity weakness rating, and measurement number as fixed effects.
Models with self-reported symptom ratings other than depressive symptoms included state and
trait depressive symptom ratings as fixed effects. mMTMT-B, mobile Trail-Making Test part B.
*Denotes significant comparisons at Bonferroni-corrected p = 0.008 level.

conducted in the study). For intra-day variation in symptoms (section
“2.5.3. Intra-day fluctuations in symptom severity”), associations
between non-cognitive symptoms and mTMT-B performance
(section “2.5.4. Real-time associations between symptom ratings
and cognitive functioning in real time”), and associations between
non-cognitive symptoms and self-reported cognitive dysfunction
(section “2.5.4. Real-time associations between symptom ratings and
cognitive functioning in real time”), six models were conducted
for each question, so the Bonferroni-corrected p-value threshold is
0.05/6 = 0.009. For predictors of sense of accomplishment (section
“2.5.5. Real-time associations between cognitive functioning and
self-reported sense of accomplishment in real time”), two models
were conducted, so the Bonferroni-corrected p-value threshold
5 0.05/2 = 0.025.

3. Results

The study sample consisted of 45 participants with MS, who
completed 3,174 EMA sessions across the 3-week monitoring
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period. Compliance to EMA was 84%. Table 2 summarizes
demographic and clinical characteristics of the sample. The sample
was, on average, middle-aged and consisted of primarily females
and non-Hispanic whites. Majority of the sample completed
at least some college. Relapsing-remitting disease course was
the dominant phenotype. Disease duration was heterogenous,
ranging between several months to almost 30 years. Based on
self-report, most participants had EDSS scores between 2.5
and 4.5, which signified the ability to ambulate without aid
with some degrees of limitation. Compared to a normative
sample, participants in this study had mild to moderate
processing speed impairment (z-score approaching 1.5 standard
deviations below the mean). Between-person and between-
day ICCs based on unconditional multilevel models for each
symptom rating/performance are summarized in Table 3. Across
symptoms, approximately two-thirds of the random variance
was attributed to between-person variability relative to within-
person variability. Between-day variability was small within each

person.

3.1. Intra-day fluctuations in symptom
severity

Figure 2 illustrates intra-day fluctuations in various MS
symptom severity, and Table 4 summarizes the associated model
estimates. mMTMT-B completion time and fatigue ratings showed the
most variation across sessions each day. Anxiety ratings showed
significant variation in the earlier part of the day (sessions 1 vs.
2), while self-reported cognitive dysfunction showed significant
variation in the latter part of the day (sessions 2 vs. 3).
Depression and pain ratings did not significantly vary across the
day.

3.2. Real-time associations between
symptom ratings and cognitive
functioning

Figure 3 illustrates real-time associations between non-
cognitive symptom ratings and mIMT-B performance, and
Table 5 summarizes partial model estimates for the state and
trait symptom variables (see Supplementary Table 1 for full
illustrates real-time associations

model estimates). Figure 4

between non-cognitive symptom ratings and self-reported
cognitive dysfunction rating, and Table 6 summarizes partial
model estimates for the state and trait symptom variables (see
Supplementary Table 2 for full model estimates). Among all
non-cognitive symptom ratings (both state and trait), only
more severe state depressive symptoms were associated with
slower mTMT-B completion time. On the other hand, for
self-reported cognitive dysfunction, state fatigue, depressive
symptoms, anxiety, and pain were all significant predictors,
with higher severity in non-cognitive symptoms correlating
with more severe self-reported cognitive dysfunction. None
of the trait symptom levels, except for depressive symptoms,
significantly  associated ~with  self-reported

were cognitive

dysfunction.
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Real-time associations between non-cognitive symptom ratings and mTMT-B performance. Among all non-cognitive symptom ratings, only more
severe state depressive symptoms was associated with slower mTMT-B completion time. State and trait aspects of each symptom was tested together in
the same model; plots show the marginal effects of the state variables. All models included subject and concatenated subject and day variable as
random intercepts; and age, mean bilateral finger tapping performance, state and trait upper extremity weakness rating, and measurement number as
fixed effects. mTMT-B, mobile Trail-Making Test part B. Error bands represent 95% confidence intervals.

3.3. Real-time associations between
cognitive functioning and perceived sense
of accomplishment in real time

There was a statistical trend of lower level of state self-
reported cognitive dysfunction (but not trait) correlating with
higher perceived sense of accomplishment. Neither state nor trait
mTMT-B completion time was associated with perceived sense of
accomplishment. See Table 7 for model estimates.

4. Discussion

The current study examined real-time cognitive functioning
among persons with MS using EMA. It is the first MS EMA
study to include objectively measured cognitive functioning—
in this case, executive functioning—in real-time. We found that
when fatigue, depression, anxiety, and pain were more severe
than the individual’s usual levels (“state” as opposed to “trait”),
the individual reported more cognitive dysfunction. In contrast,
objectively measured executive functioning seemed specifically
sensitive to state depressive symptoms. Further, there was a trend
that self-reported cognitive dysfunction predicted lower perceived
sense of accomplishment more than objectively measured executive
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dysfunction. These results demonstrated divergent factors that
influence subjectively and objectively measured cognitive functioning
in real time and is the first of such investigation in the MS population.
Our results confirmed cross-sectional studies linking cognition with
fatigue, depression, anxiety, and pain among persons with MS (36—
40), and further extended these studies by establishing real-time
associations (more temporally precise) within the real-life context
(more ecologically valid).

Results of the current study illustrated the importance of
assessing state, and not just trait, aspect of each symptom when
considering inter-symptom relationships. We found many significant
associations with state variables and almost none with trait
variables. This may explain why there were inconsistent findings
among cross-sectional studies (focusing on trait), where sometimes
certain MS symptoms were associated with other symptoms and
sometimes such associations were absent. Only an EMA framework
enables investigations into state variations in symptoms. This study
confirmed the feasibility of utilizing EMA to assess a range of MS
symptoms within the real-world context and showed comparable
compliance rates (> 80%) as previous, albeit limited number of,
studies (7, 11). Thus, it may be feasible to integrate this form of
assessment into routine clinical practice. Current standard of MS care
involves once-per-year evaluations, which do not take into account
of symptom variability between visits. Even when providers ask
about these variations, the responses are likely influenced by recall
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TABLE 5 Model estimates for real-time associations between
non-cognitive symptom ratings and mTMT-B performance.

Standardized | 95% confidence | P-value
coefficient intervals

State fatigue 0.03 —0.004 to 0.05 0.183
Trait fatigue —0.05 —0.21 t0 0.12 0.581
State depressive 0.08 0.04 to 0.12 < 0.001*
symptoms
Trait depressive —0.04 —0.19t0 0.11 0.605
symptoms
State anxiety —2.44 x 1079 —0.04 t0 0.03 0.776
Trait anxiety —0.13 —0.30 to 0.05 0.160
State pain —8.14 x 1079 —0.04 t0 0.02 0.096
Trait pain —0.09 —0.29t0 0.10 0.349
State number of hours —0.02 —0.05 to 0.00 0.899
slept in prior night
Trait number of hours —0.12 —0.26 to 0.02 0.104
slept in prior night
Difficulties falling asleep 0.08 0.002 to 0.16 0.045
in prior night (yes vs. no)
in prior night

State and trait aspects of each symptom was tested together in the same model (along with their
interaction). All models included random intercepts for subject and an aggregated subject and
day variable; and age, mean bilateral finger tapping performance, state and trait upper extremity
weakness rating, and measurement number as fixed effects. mTMT-B, mobile Trail-Making Test
part B. *Denotes significant comparisons at Bonferroni-corrected p = 0.008 level.

bias, especially for a population with known memory impairment
such as MS. Other disciplines such as sleep medicine have already
demonstrated the clinical feasibility and utility of EMA in the form

10.3389/fmed.2022.1049686

of sleep diaries that patients have to complete daily for 1-2 weeks.
Therefore, it is feasible for such practice to be integrated into MS care,
particularly with aid from mobile technologies.

Remote monitoring of neurologic and cognitive symptoms using
EMA and smartphone-based cognitive assessment may be extended
to other populations as well. Such investigations have already begun
in populations such as individuals with HIV (41) and Parkinson’s
disease (42). Besides subjective EMA surveys and smartphone-based
cognitive assessments, objective data on motor fluctuations (43) and
psychological symptoms (44) can also be gathered using smartphone
sensors in the ambulatory setting. These methods are not dissimilar to
established remote monitoring practices used in cardiac (e.g., Holtzer
monitor) and diabetes (e.g., continuous glucose monitoring) care. In
the age of personalized medicine, remote monitoring will provide
patients and clinicians with real-world, temporally rich data needed
for individualized treatments and recommendations.

Inclusion of both subjectively and objectively measured cognitive
functioning is a strength of the current study. Previous MS studies
have found that subjective and objective cognitive functioning do
not always correlate (17, 18), and subjective appraisal of one’s own
cognition relates more strongly to affective symptomology (especially
depression) than objective performance (18, 45). Our results help
delineate differential factors that influence subjective and objective
cognitive outcomes in real time. Further, given the known association
between depression and subjective symptom reports (18, 45), we
controlled for depression (both state and trait) in analyses with
subjective symptom reports as outcomes. Thus, we can conclude
that in addition to the clear associations between state depressive
symptoms and cognitive dysfunction, state fatigue, anxiety, and pain
symptoms were also related to self-reported cognitive deterioration
in real time, independent of depression status.
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In contrast, objectively measured executive dysfunction was
only related to state depressive symptoms, independent of upper
extremity motor functioning. It is possible that the self-report
question captured a broader sense of cognitive dysfunction than the
objective measure (mIT'MT) which specifically tapped into processing
speed and executive functioning. Our results were consistent with
prior MS literature that found a particularly unique association
between depression and executive functioning (46-48).

Only one research group has examined a range of MS symptoms
using EMA with an adequate sample size (6, 7, 16), while others
focused on fatigue (11, 15, 49) or had a very limited sample size
(8). We found that fatigue most consistently increased in severity
throughout the day, which was consistent with a prior study (7).
Further, we found significant inter-symptom associations especially
among self-report measures, which was also concordant with the
prior literature (16). Compared to works by this research group (6,
7, 16), the present research further added an objective cognitive
measure and self-report of anxiety symptoms, which had not been
previously investigated using EMA in MS.

Of note, the current study focused on deviations in symptom
severity from the individual’s typical level (state vs. trait) and not
absolute levels. This is an important context for the objective
cognitive outcome (MTMT-B) used in this study because we were
unable to determine whether individual instances of decline were
clinically significant. In fact, there are currently no well-validated
mobile cognitive measures with robust norms that take into account
of repeated measurements and allow users to determine level of
clinical impairment or decline. This is an area requiring future
investigations. One promising effort is the National Institute on
Aging (NIA)-funded Mobile Toolbox (50), which consists of a
suite of mobile tasks validated against gold standard measures with
population norms generated. The project is currently in its beta
testing phase and will be eventually made available to external
researchers. That being said, the current study’s version of mTMT-
B has been validated with the traditional paper-and-pencil version
of TMT in a small sample (25), and practice effects were accounted
for in our analyses. For subjective measures, we used the VAS
(31) as frequently used in other EMA investigations. But unlike
cross-sectional self-report measures with established clinical ranges,
severity levels as determined by the VAS are individualized and their
relations to other disease characteristics are unknown. Thus, we
focused on changes in symptom severity from individual’s typical
levels as determined by the VAS.

The current study is limited by the relatively low levels of
symptom severity reported by our sample. On average, participants
were reporting symptom levels below 4 on a 10-point scale. This
may be due to the fact that many of our participants had relatively
chronic and stable disease course. Future studies should aim to
recruit participants with more active disease in order to fully capture
intra-day clinical fluctuations. That being said, even with relatively
low levels of symptom severity, we still found significant intra-day
fluctuations in objective cognitive performance and fatigue ratings.

Anther limitation is the predominance of female sex and
relapsing-remitting disease course within our sample, which is
consistent with prevalence rates in the general MS population but
may restrict our ability to generalize our findings to minority
populations such as males with MS and those with progressive disease
courses. Future studies may consider oversampling these minority
groups to confirm our findings.
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TABLE 6 Model estimates for real-time associations between
non-cognitive symptom ratings and self-reported cognitive dysfunction.

Standardized 95%
coefficient | confidence
intervals
State fatigue 0.17 0.15 to 0.20 < 0.001*
Trait fatigue 0.20 —0.03 to 0.42 0.066
State depressive symptoms 0.12 0.08 to 0.16 < 0.001*
Trait depressive symptoms 0.27 0.10 to 0.43 0.005*
State anxiety 0.08 0.05t0 0.11 < 0.001*
Trait anxiety —0.08 —0.37t0 0.20 0.493
State pain 0.07 0.04 to 0.10 < 0.001*
Trait pain —0.03 —0.27t0 0.21 0.806
State number of hours slept 6.61 x 1079 —0.02 to 0.04 0.253
in prior night
Trait number of hours slept —0.07 —0.27t0 0.13 0.361
in prior night
Difficulties falling asleep in —0.02 —0.10 to 0.06 0.620
prior night (yes vs. no) in
prior night

State and trait aspects of each symptom was tested together in the same model (along with
their interaction). All models included random intercepts for subject and an aggregated subject
and day variable (except for sleep variables which only included the subject intercept) and
state and trait depressive symptoms as fixed effects. *Denotes significant comparisons at
Bonferroni-corrected p = 0.008 level.

TABLE 7 Model estimates for real-time associations between cognitive
functioning and self-reported sense of accomplishment.

Standardized 95%
coefficient | confidence
intervals

State mMTMT-B completion —3.17 x 1079 —0.04 to 0.04 0.608
time

Trait mTMT-B completion —0.15 —0.34 to 0.04 0.120
time

State self-reported cognitive 0.04 0.00 to 0.07 0.027*
dysfunction

Trait self-reported cognitive —0.14 —0.35 to 0.07 0.205
dysfunction

State and trait cognitive functioning was tested together in the same model. All models included
subject as random intercepts and state and trait depressive symptoms as fixed effects. *Denotes
statistical trend (at Bonferroni-corrected p = 0.025 level).

Further, there may be a selection bias in our sample since
only iPhone users were eligible for our study. While smartphone
use is fairly ubiquitous in the U.S. [85% of Americans own
smartphones (51)], there may be socioeconomic differences among
individuals who use iPhones compared to Android devices. Finally,
while EMA is advantageous over retrospective self-report because
it minimizes recall bias, it is important to note that besides the
mTMT-B and finger tapping tasks, all other symptoms were evaluated
subjectively. Future studies may explore real-time objective measures
for mood and fatigue through smartphone (e.g., GPS, call/text
logs) and other wearable sensors (e.g., heart rate, skin conductance,
sleep patterns).

In conclusion, the current study was the first to identify divergent
factors that influence subjectively and objectively measured cognitive
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functioning in real time. While self-reported cognitive dysfunction
was associated with a range of non-cognitive symptoms and self-
reported sense of accomplishment, objectively measured executive
functioning was only associated with depressive symptoms. Notably,
we found that only state aspects of non-cognitive MS symptoms (and
not trait) were associated with cognitive fluctuations, which supports
the use of EMA in MS symptom monitoring.
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Developing a music-based digital
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neuropsychiatric symptoms

of dementia
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United States

The greying of the world is leading to a rapid acceleration in both the healthcare costs
and caregiver burden that are associated with dementia. There is an urgent need to
develop new, easily scalable modalities of support. This perspective paper presents
the theoretical background, rationale, and development plans for a music-based
digital therapeutic to manage the neuropsychiatric symptoms of dementia,
particularly agitation and anxiety. We begin by presenting the findings of a survey we
conducted with key opinion leaders. The findings highlight the value of a music-
based digital therapeutic for treating neuropsychiatric symptoms, particularly agitation
and anxiety. We then consider the neural substrates of these neuropsychiatric
symptoms before going on to evaluate randomized control trials on the efficacy of
music-based interventions in their treatment. Finally, we present our development
plans for the adaptation of an existing music-based digital therapeutic that was
previously shown to be efficacious in the treatment of adult anxiety symptoms.

KEYWORDS

digital therapeutics, dementia, neuropsychiatric symptoms, anxiety, agitation, music, artificial
intelligence

Introduction

According to the World Health Organization (2022), there are 55 million people living with
dementia worldwide with 10 million new cases annually. The same report estimates the global
cost of dementia at 1.3 trillion USD (1). These costs are expected to surpass 2.8 trillion USD by
2030 as the number of people living with dementia rises. Approximately half of the global cost
of dementia is attributable to the informal care provided by family members and friends who
commonly shoulder tremendous physical, emotional and financial pressures (2). A sizeable
minority of people living with dementia in industrialized societies will eventually be placed in
long-term care (nursing or assisted care) homes. The proportion of total costs incurred in these
homes that can be attributed to dementia has been estimated at 64% (3). Even before the
COVID-19 pandemic, the professionals in these homes were chronically overloaded leading
them to experience high levels of caregiver burden, and in some cases, moral injury, which has
been defined as the perpetration, failure to prevent, or observation of morally-transgressive acts (4).

From the perspective of people living with dementia, their caregivers and the broader healthcare
system, there is an urgent need to develop new, easily scalable modalities of support. Digital
therapeutics (DTx) represent one such modality being considered. The focus of development in
DTx for dementia has been cognitive stimulation (5), typically in the form of reminiscence therapy
(6) or brainwave entrainment (7). The objective of such therapeutics is to directly slow the rate of
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cognitive decline (8). While we believe that interventions that directly
target cognitive outcomes are clinically important, we also believe there
is an urgent need to target non-cognitive outcomes. These outcomes
have been less well studied in the context of DTx but they have the
potential to contribute to patient and caregiver wellbeing, while
lowering the costs of care (9).

Our team is currently undertaking the development of a music-
based DTx that builds on core AI that we originally developed to
mitigate anxiety (https://www.lucidtherapeutics.com). While the
anecdotal evidence for the power of music in dementia abounds,
the evidence base is still in its early days and tends to be focused
on cognitive outcomes. To better understand the potential impact
of a music-based DTx on cognitive and non-cognitive outcomes
we started our development path by surveying key opinion leaders.

Survey of key opinion leaders

In early 2022, our team undertook a qualitative study with key
opinion leaders to gauge the potential value of developing a music-
based DTx for dementia. In addition to defining the value
proposition, we were interested in specific outcomes that were judged
to be feasible, inclusive of cognitive and non-cognitive outcomes.
Participants included 7 payers and 12 health-care practitioners
specializing in geriatric and dementia care. Payers included medical
directors (n=5), pharmacy directors (n=1), and an innovation
officer (n=1) associated with health plans that are based in the
United States. All payers had experience with the evaluation of DTx
for coverage and reimbursement. Health-care practitioners (HCPs)
included neurologists (1 =5), geriatricians (n=4), and psychiatrists
(n=3), all of whom had significant experience in treating Alzheimer’s
disease (AD) and other forms of dementia (50 patients or more in
the last 3 months). Most of the HCPs surveyed had experience with
use of DTx in treatment (75%), and about half had some experience
in recommending music therapy for patients (58.3%). Both payers
and HCPs expressed the view that there was a strong clinical case for
a therapy/intervention that would target non-cognitive aspects of
dementia. In particular, they identified the neuropsychiatric symptoms
(10) as being a non-cognitive target outcome that might be well
addressed by a music-based DTx. Neuropsychiatric symptoms are
extremely common in dementia, affecting as much as 97% of patients
(11) and have been associated with reduced quality of life (12), as
well as the progression of cognitive decline (13, 14).

Neuropsychiatric symptoms: prevalence,
caregiver challenge, and neural substrates

In descending order of frequency, neuropsychiatric symptoms of
dementia include apathy, depression, agitation, psychosis, and sleep
disturbances (15). Agitation is especially frequent (80%) in
residents of long-term care homes and in those who are in
moderate to severe stages of the disease (16) but can also affect
many individuals (60%) with mild dementia or mild cognitive
impairment (MCI) (17). According to the key opinion leaders we
surveyed, agitation is the most challenging symptom with respect
to patient management. This perspective is consistent with prior
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surveys conducted with caregivers. One study of American
caregivers found agitation to be more distressing than apathy or
depression (18). The same conclusion was reached in a study of
caregivers conducted in Japan (19). The Japanese study also found
that agitation was more likely to contribute to caregiver burnout
than other neuropsychiatric symptoms.

In addition to the challenge that agitation presents for caregivers
it has also been associated with the progression of cognitive decline in
patients (13, 14). From a biopsychosocial model of cognitive aging
(20), this association may be attributable to neurotoxic factors that
manifest due to stress arising from frequent bouts of agitation (see
(21). In the case of patients living in long-term care homes, the
association may also be due to side effects of the antipsychotic
medications that are commonly prescribed to treat agitation. A
meta-regression involving data from ten studies found a strong
linear correlation between antipsychotic treatment duration and
change in cognition, with greater declines under antipsychotic
treatment compared to placebo (22).

Risperidone, a commonly prescribed second-generation
antipsychotic with the strongest evidence base for treating agitation
and anxiety appears to have no adverse effects on cognition when
prescribed as indicated for short-term use (23-25). However, side
effects of risperidone include an elevated risk of ischemic stroke and
transient ischemic attacks (26), which elevate mortality risk. Studies
of other commonly prescribed second-generation antipsychotics,
such as olanzapine, have shown some level of risk for cognition,
especially in the case of participants with lower cognitive
(27). Haloperidol,
antipsychotic that continues to be prescribed for agitation is less

functioning at baseline a first-generation
efficacious than risperidone (28), has potent sedative effects, and
of all

interventions with respect to mortality (29). In summary, while

was determined to be the riskiest pharmacological
chronic agitation may hasten the progression of cognitive decline,
the existing pharmacological approaches have limited efficacy and
can carry significant risks to physical health (30) and cognitive
health (22). The

particularly interested in the development of DTx that would serve

healthcare practitioners we surveyed were
as complementary or low-risk alternatives to pharmacological
treatment in the management of agitation and anxiety.

Some researchers have characterized agitation as the external
manifestation of anxiety (31, 32). Up to 80% of people living with
mild-to-moderate dementia experience anxiety (15). Anxiety may
even be a risk factor for developing dementia; the risk of conversion
to dementia nearly doubles when anxiety symptoms are present in
people living with mild cognitive impairment (33). While agitation
is more of an external behavior that is readily observable, anxiety is
an internal state that can be hidden from plain view. It has been
conceptualized as consisting of cognitive (i.e., worry about future
threats) and somatic (i.e., bodily tension) components (34). Anxiety
tends to be more common in the early stages of the “dementia
journey”, while agitation is more common in later stages (35).
Although the anxiety does not appear to be causally related to later
agitation as has often been proposed (32), there is a clear association
between the two constructs across stages of disease (36).

The ‘Uncertainty and Anticipation Model of Anxiety’ (UAMA)
posits that anxiety is a set of expected emotional, cognitive, and
behavioural responses to the uncertainty of potential future threats,
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often coupled with fear (37, 38). The UAMA model proposes that
the frontal
orbitofrontal) is responsible for generating probabilistic estimates

activity in cortex (dorsomedial prefrontal and
of future events and expected costs (37). The model also proposes
that the amygdala plays a central role in the transmission and
interpretation of anxiety and fear. In addition to afferents from the
frontal cortex, the amygdala is known to receive afferents from the
thalamus, periaqueductal gray, and entorhinal cortex (38-40).
People living with a diagnosis of dementia tend to experience a
great deal of uncertainty because of the unknown of how their
illness will progress and not knowing what threats may await them
(41). Neural degradation in frontal areas supporting working
memory may further predispose individuals living with dementia
to experience anxiety.

In the case of AD, the most common form of dementia, anxiety is
associated with damage to subcortical regions which includes atrophy
in the amygdala (38, 42) and the entorhinal cortex (43). Cases of
more severe anxiety are associated with hyperfusion of the anterior
cingulate cortex, decreased grey matter volume in the right
precuneus, inferior parietal, left parahippocampal, posterior
cingulate gyrus, left insula, and bilateral putamen lobes (37, 38)
bilateral
hippocampus, left superior temporal and insula regions (38, 44).
that

individuals living with AD and comorbid anxiety possess higher

and hypometabolism in the entorhinal, anterior

Positron emission tomography (PET) studies indicate

10.3389/fdgth.2023.1064115

amyloid deposits than those without in the precuneus-posterior
cingulate, frontal, parietal, and anterior cingulate cortex (45).

As shown in Figure 1, individuals living with AD that present with
agitation show severe dysfunction in many of the same brain regions
that are implicated in anxiety, including the amygdala,
hippocampus, anterior cingulate, posterior cingulate, and insula (46).
This pattern of dysfunction agrees with the pattern of disease
progression wherein the propensity for anxiety is higher in earlier
stages while the propensity for agitation is higher in later stages
once more severe brain dysfunction, particularly dysfunction in
frontal areas, has occurred (35). Although the type and onset of
neural degradation that occurs in the frontal lobes will vary by type
of dementia (47), at later stages of the disease, these degradations
may uniformly result in the failure to downregulate autonomic
arousal in response to uncertainty (37). Taken together, the available
evidence suggests that anxiety and agitation are independent but
related constructs whose propensity will be influenced as a function
of neuropsychiatric disease progression. It stands to reason that the
two types of neuropsychiatric symptoms may benefit from similar
types of intervention. In recent years, music has emerged as a
particularly important intervention for neuropsychiatric symptoms,
especially with respect to anxiety and agitation. When used in this
context, music may be regarded as a fundamental technology that
can be personalized and systematically leveraged to downregulate

autonomic arousal arising from uncertainty.

. Degradation associated with Anxiety

. Degradation associated with Agitation

. Degradation associated with both Anxiety and Agitation

FIGURE 1

Midsaggital view of brain featuring neural degradation that has been associated with anxiety and agitation in dementia: anxiety (blue) = putamen, parietal
cortex, and entorhinal cortex (EC); agitation (red) = orbitorfrontal cortex (OFC); dorsolateral prefrontal cortex (dmPFC); anxiety and agitation (purple) =
anterior cingulate cortex (ACC), posterior cingulate cortex (PCC), amygdala (Amy), hippocampus (HC), and insula (not depicted in this view).

Parietal
Cortex

Frontiers in Digital Health

frontiersin.org


https://doi.org/10.3389/fdgth.2023.1064115
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org/

Russo et al.

Are music-based interventions indicated for
the treatment of anxiety and agitation
symptoms related to dementia?

Qualitative research that has examined the impact of music-
based interventions on people living with dementia has revealed
significant improvements in quality of life in patients and
caregivers. Notable benefits in patients include increased social
engagement and reductions in anxiety and agitation (48-54). To
further understand these benefits and for whom they may accrue,
we conducted a literature search focusing on randomized
controlled trials (RCTs) that investigated the use of music-based
treatments on anxiety or agitation symptoms in participants with
MCI and/or dementia. Of the 15 RCTs found, three RCTs were
excluded due to low fidelity (55) and no personalization of music/
music therapy (56, 57). Of the remaining 13 RCTs, 12 of them
reported a significant reduction in anxiety and/or agitation in the
music/music therapy treatment arm (Table 1). The most
parsimonious interpretation regarding the mechanism of action is
a downregulation of autonomic arousal, owing to a shift in balance
from sympathetic to parasympathetic activity over the course of
music listening (70). Overall, the effect sizes (Cohen’s D) trended
larger in studies that recruited participants with mild to moderate
dementia. It is also notable that the one study that failed to find a
significant reduction in anxiety and agitation was limited to
participants with severe dementia (64). Thus, based on the
available evidence we may conclude that agitation and anxiety
symptoms are well-indicated for music-based treatment, especially
in participants with mild to moderate dementia.

Current standard of care with respect to
therapeutic uses of music

Accumulating evidence demonstrates that people living with
dementia enjoy music and may benefit from making music,
interacting with music through movement, and passive listening to
music (71, 72). It has been shown that people living with AD can
retain memory for melodies and lyrics (73), and that when
activated, these memories facilitate the retrieval of autobiographical
memories (74). The mechanisms underlying these music and
memory phenomena are not completely understood but appear to
depend on the encoding of musical memories in structures and
networks that are resilient to neural degeneration (75). It seems
likely that these music and memory phenomena depend in part on
dopaminergic activity in the ventral striatum triggered by auditory-
reward network connectivity, which is well preserved in MCI but
less so in AD (76).

Music and memory phenomena have sparked widespread
interest in popular culture, particularly following the release of the
2014 documentary film Alive Inside. The film tells the story of
MUSIC & MEMORY, a non-profit that facilitates the use of music
players for people living with dementia in long-term care homes.
In an often-cited highlight of the film, a long-term care home
resident named Henry is jolted out of his catatonic state into a
charming, articulate, and engaged lover of music. The film also
chronicles the struggle that founder Dan Cohen had in convincing
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healthcare professionals and administrators about the value of
music in care for people living with dementia. MUSIC &
MEMORY program has since expanded and has been imitated
with variations all over the world and validated in a number of
large-scale trials (77, 78).

In community and long-term care homes, therapeutic music can
be observed in various modalities from music listening to support
mood and reminiscence (79), singing to promote health and social
wellbeing (80), and music-making coordinated by a licensed music
therapist (81). Regardless of the modality, a scoping review of the
literature suggests that personalized music is systematically more
effective than non-personalized music (82, 83). Personalization is
likely important because familiar and preferred music leads to
greater activation of dopaminergic and opioid pathways in the
ventral striatum than nonfamiliar music (84, 85), and in the case
of AD this reward activation is also associated with greater
functional connectivity in corticocortical and corticocerebellar
networks (86). Personalization is further supported by the fact that
people with AD have dysfunctional dopaminergic (87) and opioid
transmission (88) and stimulating production of endogenous
opioids through music (85) or other means may have a beneficial
impact on anxiety and agitation over the near-term and potentially
slowing the progression of disease over the long-term (88).

Because personalization is so important to the effectiveness of
music it stands to reason that a limiting factor in scalability of
any effective music program will be the time and effort required
to personalize music for a given individual. This may be
especially challenging when the caregiver has limited experience
with the person living with dementia and/or the individual has
limited communication abilities. A licensed music therapist would
be able to cultivate some level of personalization through careful
interaction and observation with an individual. However, there
are barriers to accessing music therapists, which limits the
benefits that may be obtained from music engagement. A music-
based DTx will help bridge the gap by offering the level of
personalization required for optimal outcomes in the absence of a
licensed music therapist.

The music based DTx is not intended to diminish or replace the
benefit that trained music therapists may have in both group and
individual music therapy sessions. It cannot augment or alter the
benefit patients receive from the therapeutic “relationship” that
results from co-engagement of both passive and active music
interventions, whether those occur in the presence of music
therapists or caregivers without this training. It may, however,
increase the opportunities for caregivers of all types to advance the
therapeutic relationship by coming to learn about their patients in
new ways. Lastly, digital interventions that capture continuous
physiological data reflecting patient experience with music (e.g.,
heart-rate variability, pupillometry) may empower caregivers with a
level of insight about response to music that would not otherwise be
possible, which may inform all manner of music-based interventions
including traditional music therapy as well as multi-modal
interventions involving music such as augmented reality applications.

To this end, the user interface of the DTx will be designed in a
manner that is conducive to operation by either a caregiver in the
community (e.g., family member) or a professional in a long-term
care home (e.g., music or recreation therapist). There will be no
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expectations imposed regarding caregivers’ level of experience with
music, nor will there be any requirement of familiarity with the
music preferences of the person they are caring for.

Adaptation of a music-based DTx for
managing anxiety

Our team has recently published an RCT study on the efficacy of a
DTx by LUCID  (https://www.
lucidtherapeutics.com) for the treatment of anxiety (89). The system

music-based developed
incorporates an Al called Affective Music Recommendation System
(AMRS) (90); based on the iso-principle from music therapy (90,
91), which is a form of personalization that is independent of
experience or preference. This approach to mood regulation suggests
that the mood regulating properties of music may be enhanced if
the mood of the music approximates an individual’s initial
emotional state before it is changed to the target state (92). The iso
principle has been indicated in prior research to be more effective
than other musical sequences at reducing tension (93). To develop
AMRS, it was necessary to begin by curating training data that
labeled music with respect to the arousal and valence dimensions of
the Russell's Circumplex model of emotion (94). In this model,
arousal refers to the activation aspect of felt emotion, ranging from
calm to excited, and valence refers to the hedonic aspect of felt
emotion, ranging from pleasant to unpleasant.

In LUCID’s existing DTx (VIBE), the participant is asked to input
their current mood using a 2-dimensional grid representing arousal
and valence dimensions. Based on this input and the user’s target
emotional state (e.g., calm), the machine learning algorithm within
the application predicts the optimal sequence of tracks to produce
mood induction in the listener from their current emotional state to
the target state. This machine learning algorithm uses reinforcement
learning techniques and is trained on real-world data correlating the
quantitative features of musical excerpts and sequences alongside the
emotional responses induced by them in listeners.

Developing a music-based DTx for people
living with dementia

Our existing DTx (VIBE) was designed to reduce anxiety. This
objective was realized through the interaction of two Al systems:
BioMIR (Biological Music Information Retrieval) and AMRS (as
described above). The BioMIR system extracts insights about the
emotional states that are likely to be evoked by pieces of music in
people living with dementia. The AMRS considers the information
from the BioMIR system to generate playlists that are personalized
to each user. People living with dementia often have a diminished
ability to attribute mental states to music, inclusive of emotion (95).
For example, a musical excerpt that may calm a healthy person
down may have a different effect on a person living with dementia.
Therefore, to aid in the development of a new Al for affective music
recommendation in this population (AMRS-D), we had to start by
obtaining training data from older participants experiencing
cognitive decline. To that end, we recently completed a training
database study in collaboration with the Centre for Elder Research
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at Sheridan College with 32 participants living with MCI or early-
stage dementia.

Participants were asked to listen to and make self-report
judgments of valence, arousal, and absorption. Absorption was
defined as the extent to which attentional resources were allocated
to the music while listening (96, 97). It is our expectation that
higher levels of musical absorption will lead to increased potency
of a music-based intervention for mood regulation. While this
hypothesis has not yet been validated with respect to state
absorption in people living with dementia, it has been validated for
trait absorption in a young adult population (see (98, 99)). These
subjective judgments were collected alongside a variety of
biometric measures which will allow us to use industry-standard
machine learning methods to develop a fully closed-loop music
recommendation system that can be driven by physiological data
alone independent of wuser input (100). Going forward, the
effectiveness of the DTx may be further enhanced by embedding
beat stimulation in the theta range (90) with the expectation of
increasing the extent of reduction in anxiety and agitation (89).

After the development of AMRS-D and the absorption module,
we will begin an exploratory trial to assess the useability of the new
system, including early indications of safety and efficacy. The
exploratory trial will recruit participants living with dementia in
the community by way of their caregivers. The DTx will be used
by caregivers on a scheduled daily basis rather than in response
to anxiety or agitation in the patient. The exploratory trial will
provide an opportunity to solicit qualitative feedback that will
lead to product refinement and pave the way for a future clinical
proof-of-concept study. In this future proof-of-concept study,
adherence and clinically relevant measures of efficacy will be
tracked including the Neuropsychiatric Inventory Questionnaire
(NPI-Q (101);, Behavioral Pathology in Alzheimer’s Disease
Rating Scale (BEHAVE-AD) (102), State-Trait Inventory of
Cognitive and Somatic Anxiety (STICSA) (103) and the Cohen-
Mansfield Agitation Inventory (104).

Discussion

In this paper we have outlined the rationale for a new music-
based DTx that LUCID is
neuropsychiatric symptoms of dementia. This development

developing to support the
represents an expansion of our prior work in adult anxiety (89)
to help support a related indication in the context of persons
living with dementia (i.e., agitation). We have argued that a
music based DTx will be effective in mitigating both anxiety and
agitation in this population. We envision our music-based
intervention as having efficacy at all stages of disease but with
the focus of benefits on anxiety in the early stages, and in
agitation in the later stages. The DTx will be proactive rather
than reactive. Scheduled daily use of the system is projected to
lead to improvements in patient and caregiver outcomes and
reduced costs of care. The DTx will respect individual preference
for music through a personalization module that will eventually
be implementable in the absence of caregiver input. The
available evidence suggests that patients will find intrinsic
benefits in listening to familiar music on its own, independent of
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the anticipated mood-regulating properties emphasized through
our survey of key opinion leaders. While the primary outcome
of our research on the efficacy of the DTx in our future proof of
concept study will be mitigation of anxiety and agitation, the
personalization module is expected to lead to dopaminergic and
opioid activity in the reward system via auditory-reward network
connectivity (76, 85). We envision that this music based DTx
will be used and implemented by healthcare professionals or
devoted to
overcoming tensions that may arise due to onboarding or

family caregivers. Special attention will be
protocol adherence. This approach to development is expected to
yield direct benefits for patients, while reducing caregiver burden

and the escalating costs associated with the greying of the world.
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Introduction: Traditional methods for obtaining outcomes for patients after acute
stroke are resource-intensive. This study aimed to examine the feasibility, reliability,
cost, and acceptability of collecting outcomes after acute stroke with a short
message service (SMS)-text messaging program.

Methods: Patients were enrolled in an SMS-text messaging program at acute stroke
hospitalization discharge. Participants were prompted to complete assessments
including the modified Rankin scale (mRS) and Patient-Reported Outcomes
Measurement (PROM) Information System Global-10 at 30, 60, and 90 days
postdischarge via SMS-text. Agreement and cost of SMS-text data collection were
compared to those obtained from traditional follow-up methods (via phone or in
the clinic). Participant satisfaction was surveyed upon program conclusion.

Results: Of the 350 patients who agreed to receive SMS texts, 40.5% responded to one
or more assessments. Assessment responders were more likely to have English listed as
their preferred language (p = 0.009), have a shorter length of hospital stay (p = 0.01),
lower NIH stroke scale upon admission (p<0.001), and be discharged home
(p<0.001) as compared to nonresponders. Weighted Cohen’s kappa revealed that
the agreement between SMS texting and traditional methods was almost perfect for
dichotomized (good vs. poor) (k= 0.8) and ordinal levels of the mRS score (k= 0.8).
Polychoric correlations revealed a significant association for PROM scores (p=0.4,
p<0.01 and p=0.4, p<0.01). A cost equation showed that gathering outcomes via
SMS texting would be less costly than phone follow-up for cohorts with more than
181 patients. Nearly all participants (91%) found the program acceptable and not
burdensome (94%), and most (53%) felt it was helpful. Poststroke outcome data
collection via SMS texting is feasible, reliable, low-cost, and acceptable. Reliability was
higher for functional outcomes as compared to PROMs.

Conclusions: While further validation is required, our findings suggest that SMS texting
is a feasible method for gathering outcomes after stroke at scale to evaluate the efficacy
of acute stroke treatments.

KEYWORDS

stroke, digital health, SMS-text, outcomes, recovery

Introduction

Stroke is a leading cause of acquired adult disability worldwide (1). Recent substantial
advances in acute stroke treatments (2, 3) and novel approaches to stroke rehabilitation (4, 5)
have resulted in significant improvements in poststroke outcomes. To systematically evaluate
the real-world benefit of such interventions, it is essential to reliably collect outcomes for
patients after acute stroke discharge.

Current approaches to outcomes data collection face many logistical barriers. Follow-up care,
during which outcomes are traditionally collected, requires patients to return to specialized
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stroke centers and can be time-intensive, cost-prohibitive, and
burdensome, relying on interaction with trained healthcare
providers (6, 7). Phone calls to stroke patients to assess outcomes
are also time-consuming and require dedicated and trained staff.

In recent years, there has been rapid adoption of digital and
telehealth approaches in clinical care (8-10). Since mobile phones
are one of the most popular forms of digital interaction (11) and
are ubiquitous even among diverse demographic groups (11, 12),
there is the potential to utilize short message service (SMS) texting
for gathering assessments after stroke. SMS-texting programs have
been used in a range of health conditions (13-15) for varying
utilities, including intervention (16, 17), adherence (13), and data
collection (18). Although app-based collection of outcomes after
stroke has been explored (19), the feasibility of using SMS texting
has not yet been examined in stroke. This study aimed to examine
the feasibility, reliability, cost, and acceptability of an SMS-texting
approach to gather health outcomes in the first 90 days after
acute stroke.

Materials and methods

Our health system has articulated a goal of collecting functional
outcomes after acute stroke discharge on all patients but has lacked
the resources to accomplish this. As part of a clinical quality
improvement initiative to assess barriers to success, we sought to
increase the likelihood of data collection by leveraging an SMS-text
messaging-based program on all discharged acute stroke patients
for a several-month period. Using the services offered by a digital
health technology company [Philips Patient Navigation Manager
(formerly Medumo), Boston, MA, United States], we developed
and launched an SMS-text follow-up program for patients
discharged from the Massachusetts General Hospital (MGH) with
a stroke ICD-10 code (I63, 160, 161, and G45) between June 8,
2020, and February 1, 2021. Patients were eligible to participate in
the program if they had a valid mobile phone contact number in
their medical chart. Patients who had not previously consented to
receive SMS texts from their clinical care team at MGH received
one consent SMS-text message at the time of acute hospital
discharge, which remained active (i.e, giving the option to
consent) for the duration of the program. If they did not consent,
they did not receive any further messages. Patients had the option
to decline participation in the program by responding “STOP” or
simply not responding to the consent message.

Patients who consented to receiving SMS texts were enrolled in
the program at the time of discharge regardless of their discharge
destination (home or facility) and were provided instructions for
unsubscribing (Supplementary Table S1). To familiarize patients
with the SMS-texting method of communication and optimize
patient engagement, patients also received weekly brain health
educational tips developed by a multidisciplinary panel of
clinicians, including neurologists, dietitians, and therapists
(Supplementary Table S1).

Enrolled patients received an SMS text at 30, 60, and 90 days after
hospital discharge, prompting them to complete the simplified
modified Rankin scale (mRS) (20), a single-item, seven-level,
ordinal measure of global disability, and then the Patient-Reported
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Outcomes Measurement Information System (PROMIS) Global-10,
a 10-item measure of physical health, mental health, social health,
pain, fatigue, and overall perceived quality of life. Individual items
from each assessment were sent via SMS-text messages one at a
time (i.e., each question of each assessment was one text message).
Participants  responded by directly texting the number
corresponding to the answer of their selection. Participants had
1 week from receiving the prompt to complete the assessment at
each time point. Responses were automatically saved in a secure
database. Participants who completed all questions associated with
the mRS at any given time point were considered responders, while
those that did not were considered nonresponders. Participants
who completed the mRS but did not complete all questions
associated with the PROMIS Global-10 were still considered
responders but were not scored on this assessment. The mRS can
be dichotomized into good (score 0-2) and poor (score 3-6)
outcomes (21). Global Physical Health (GPH) and Global Mental
Health (GMH) z-scores (mean: 50; standard deviation (SD): 10)
were derived from two 4-item summary scores extracted from the
PROMIS Global-10 questions (22). At the conclusion of the
program, enrolled patients received a satisfaction survey via an
SMS text with six questions that had multiple-choice response
options. Participants were counted as responders to the satisfaction
survey if they responded to at least one question.

To evaluate the reliability of outcome measure scores obtained
via SMS texting, mRS and PROMIS Global-10 scores closest in
time to SMS-text responses were extracted from documented
traditional follow-up encounters (clinic visit or follow-up phone
call),

compared to the score from the closest SMS-text response in time.

when available. The clinically documented score was

To compare the yield and cost of the SMS texting approach to
gather outcomes after acute stroke discharge with traditional
methods of ascertaining outcomes, we added clinical staff and
utilized a trained coordinator to call all consecutive patients
discharged with stroke during a 3-month period to obtain their
outcomes approximately 90 days after hospitalization discharge.
The mRS and PROMIS Global-10 scores were also assessed via
phone calls in the same order as SMS texts. Three attempts were
made to reach each patient. Call attempts and time lengths were
documented. The results of this intervention were then used to
compare the cost between the two strategies (SMS texts vs. phone
calls) for gathering poststroke outcomes.

Statistical analysis

Participant characteristics were examined with mean and SD,
median and interquartile range (IQR), or n (%). Independent
sample t-tests and chi-squared tests of independence were
performed to compare clinical and demographic characteristics
between those enrolled in the program and those not enrolled and
between those who responded to the assessment prompts
(responders) and those who did not (nonresponders).

Weighted Cohen’s kappa (23) was calculated to assess the
agreement between SMS texts and clinician- or coordinator-
gathered responses for the mRS, and polychoric correlations were

calculated to assess the agreement between GPH and GMH scores
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(subscales of PROMIS Global-10). For the mRS, we examined
agreement using the ordinal level (with quadratic weights,
Supplementary Table S3) and the dichotomized level (good vs.
poor) outcomes.

Descriptive statistics were used to characterize the time, yield,
and cost comparison of SMS texting vs. phone call-based methods
of gathering outcomes and to examine the results of the
satisfaction survey.

The Massachusetts General Brigham Institutional Review Board
(#2021P001342) approved this study, which was exempt from
written informed consent as the data extracted for this study were
standard of care through a quality
improvement initiative. Data will be made available from the

gathered under the

corresponding author upon reasonable request.

Results

Of the 530 patients discharged from MGH with a stroke ICD-10
code between June 8, 2020, and February 1, 2021, 350 patients
(66.04%) were enrolled in the program. Patients enrolled on
average 6.8+8.2 (mean=*SD) days after acute stroke hospital
admission. Patients were not enrolled if they did not have valid
contact information in the medical chart (n=151) or declined to
receive messages (n=29) (Figure 1). Enrolled patients were more
likely to have English listed as their preferred language (y*=5.44,
p=0.02), have a lower NIH stroke scale upon admission (¢=5.0,
p<0.001), and have been discharged directly home from the

10.3389/fdgth.2023.1043806

hospital (y*>=4.20, p=0.04) compared to those patients who did
not enroll (Table 1).

Of those who enrolled, 40.5% (n = 142) responded to at least one
SMS text to complete an assessment. The response rate at 30-day
postdischarge was 28.6%, and the response rates at the 60- and 90-
day time points were 24.3%. Of the responders, 30% (n=42)
responded at any two time points and 30% (n=43) of responders
responded at all three time points (Figure 2A). SMS-text response
compliance is presented in Figure 2B. Responders to message
prompts were more likely to have English as their preferred
language (¥ =9.33, p=0.009), have shorter acute hospital length
of stay (t=2.5, p=0.01), have a lower NIH stroke scale upon
admission (t=3.98, p<0.001), and have been discharged directly
home (y*=24.94, p <0.001) (Table 1).

The median (IQR) modified Rankin scale score collected by SMS
testing was 1 (0-3) at 30-, 60-, and 90-day postdischarge. The median
(IQR) GPH scores were 44.9 (42.3-50.8), 47.7 (42.3-54.1), and 47.7
(41.1-54.1) and the median GMH scores were 45.8 (38.8-50.8), 43.5
(38.8-53.3), and 458 (36.9-50.8) at 30-, 60-, and 90-day
postdischarge, respectively S2). The
distributions of these outcomes gathered via SMS texting at 90

(Supplementary Table

days are shown in Figure 3.

The mRS [median: 1 IQR: 1-3) from clinical follow-up
encounters, within 13.0 £ 14.9 days of SMS-text responses across
collection time points (Supplementary Figure S1), was available
for 113 of the 142 patients who responded (Figure 4). Weighted
Cohen’s kappa between mRS scores obtained from SMS texting
compared encounters revealed almost

to follow-up perfect

agreement ( k=0.8, p<0.001) for dichotomized (good vs. poor)

Assessed for eligibility (n=530)

" Excluded (n=151)

Eligible (n=379)

4

v

Declined (n=29)

Discharge

Enrolled (n= 350)

30 Days

Assessment 1 (n=100)

60 Days

Assessment 2 (n=85)

90 Days

[ Weekly Brain Health Tips }

Assessment 3 (n=85)

Satisfaction Survey (n=36)

FIGURE 1
Study flow diagram. Cohorts at each assessment time point are unique
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TABLE 1 Cohort demographic and clinical characteristics.

10.3389/fdgth.2023.1043806

Enrolled (350) Not enrolled (180) p Responders (142) Nonresponders (208) p
Age 663+ 16.8 69.4+16.7 0.5 652+ 15.1 67.0+17.7 0.06
Sex (male) 196 (56.0%) 92 (51.1%) 03 78 (54.9%) 118 (56.7%) 0.6
Hospital LOS 6.8+8.2 81+7.6 03 55464 7.6+9.1 0.01*
NIH stroke scale® 3 [1-6] 5 [2-11] <0.001* 3 [1-6] 8 [5-14] <0.001*

Preferred language

English 312 (89.1%) 154 (85.6%) 0.02* 133 (93.7%) 179 (86.1%) 0.009*
Other 38 (10.9%) 26 (14.4%) 9 (6.3%) 29 (13.9%)

Discharge destination
Home 200 (57%) 86 (48%) 0.04* 100 (70.4%) 100 (48.1%) <0.001*
Facility 150 (43%) 94 (52%) 42 (29.6%) 108 (51.9%)

Principal problem
Ischemic 237 (67.7%) 124 (68.5%) 02 94 (66.2%) 143 (68.8%) 05
Hemorrhagic 90 (25.7%) 51 (28.3%) 37 (26.1%) 53 (25.5)
TIA 23 (6.6%) 5 (2.8%) 11 (7.8%) 12 (5.8)

LOS, length of stay; TIA, transient ischemic attack.
Scores reported as mean + SD, median [interquartile rangel], or n (%).
*denotes statistical significance.

“NIH stroke scale scores at acute stroke hospital admission were available for 241/350 (68.9%) enrolled, 127/180 (70.6%) not enrolled, 100/142 (70.4%) responders, and 141/208

(67.8%) nonresponders.

FIGURE 2

A T1:30Days T2:60 Days B
(100, 28.6%) (85, 24.3%)
43 o
@ 24
20 ® ®
13 @ z
9 ®
T3: 90 Days T1 T2 T3
(85, 24.3%) 100 (28.6%) 85 (24.3%) 85 (24.3%)
Unique Participants Responded to Assessments
142/350 = 40.5%

(A) Number of SMS-text assessment responses at different time points depicted in a Venn diagram (N, N%). N indicates unique participant responses. For
example, N =13 participants responded at 60 days poststroke, N =20 answered at both 30 and 60 days, and N =43 responded at all three study time
points. (B) SMS-text assessment compliance over time. Shades of gray (dark to light) c
responded at two timepoints (T; and T, Ty and T3, or T, and T3), and those that responded at a single time point (T, T, or Ts). SMS, short message service.

orrespond to those that responded at all time points, those that

and ordinal (with quadratic weights, Supplementary Table S3) levels
(k=0.8, p<0.001) of the mRS. The PROMIS Global-10 score was
not routinely collected and so was only available for 19 patients
from clinical encounters. There were significant associations
between traditional methods and SMS texting of ascertaining
PROMIS subscores (p=0.4, p<0.01, GPH, and p=04, p<0.01,
GMH) (Figure 4).

To compare the yield of SMS texts with that of phone calls, we
attempted to complete a 90-day phone call for all patients
discharged within a 3-month time period. Of the 169 stroke

70
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patients discharged, we reached 104 (61.4%) by phone. Of those
reached by phone, 59 (56.7%) were contacted on the first call
attempt, 28 (26.9%) were contacted on the second attempt, and
17 (10.1%) were contacted on the third attempt. For every
successful phone call, there were 2.5 unanswered calls. As
compared to those who did not answer, patients who answered
the phone calls were more likely to have English listed as
their preferred language (t=3.9, p<0.001). Phone calls took
5.4 +2.9 minutes  to took
approximately 1.5 minutes.

complete.  Unanswered  calls
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(A) mRS compared by modality (traditional encounter vs. SMS texting) across all collection time points (30, 60, and 90 days) for N = 113. Bubble plot to assess
agreement between outcomes collected by traditional programs vs. SMS texting. Sizes of bubbles are directly proportional to the number of participants who
provided answers via traditional methods and SMS texting. Subjects with data at multiple time points were compared at the latest available time point. The
stacked bar near axes shows mRS distributions as collected by each modality with dark to light gradient representing scores 0-5, respectively. (B) PROMIS
Physical and PROMIS Mental compared by modality for N = 19. Bubble plot to assess agreement between outcomes collected by traditional programs vs.
SMS texting. The size of bubbles is directly proportional to the number of participants who provided answers via traditional methods and SMS texting.
SMS, short message service; mRS, modified Rankin scale; PROMIS Physical, Global Physical Health Score; PROMIS Mental, Global Mental Health Score.

We estimated the cost per successful assessment achieved via SMS
texts vs. phone calls. The total annual cost of the SMS-text program
was $12,500 to configure and run, with a cost per assessment defined
as $12+a500 (where a=# of assessments). For phone calls, we estimated a
fixed cost of 20% of a coordinator’s time (for training and
documentation) and added the average cost per phone call (both
successful and unsuccessful) to each patient (n). In Boston,
Massachusetts, coordinators make an average (avg) of $60,000 and
thus $048 per minute. Answered phone «calls cost $2.50
(5.4min x $0.48min), while unanswered phone calls cost
$0.70 (1.5 min x $0.48) on average. This analysis yielded the following:

[fixed coordinator cost + (avg. cost of a successful call X n)
+(avg. cost of an unsuccessful call
xavg. number of unanswered calls x n)]
n

Frontiers in Digital Health

71

or

[$12, 000 + (2.5 x n + $0.70 x 2.5 x n)]
number of subjects

>

suggesting that SMS texts become less costly than traditional phone calls
if used for outcomes assessment in more than 181 stroke patients
per year.

The results of the satisfaction survey revealed that the majority of
patients found the educational material received via SMS texts to be
helpful (53%), with only a small portion of patients finding
information burdensome (6%). Most participants felt there was just
the right number of tips (79%) and that the messages were clear
and easy to understand (97%). Most felt that they were able to
easily pick between the choices (91%) in the SMS texts that best
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TABLE 2 Satisfaction survey results.

Question n (%)

1: How helpful was it to receive a text with information, educational
content, and tips about stroke?

I did not find it helpful at all 2 (5.6)
Neutral 15 (41.7)
I found it very helpful 19 (52.7)

2: Did you find receiving information about stroke via text burdensome?

I did not find the program burdensome 31 (93.9)

I found the program burdensome 2 (6.1)

3: What did you think of the number of tips and questions?

Too few reminders 1 (3.0)
Just the right number of reminders 26 (78.8)
Too many reminders 6 (18.2)

4: The text messages about stroke were clear and easy to understand.

Agree 32 (97.0)

Disagree 1(3.0)

5: 1 was able to easily pick between the choices in the text messages
that best described my degree of stroke recovery.

Agree 30 (90.9)

Disagree 3(9.1)

6: | was as comfortable answering questions by text as if | were
answering in person or on the phone.

Agree 30 (90.9)

Disagree 3(9.1)

Satisfaction survey results are reported at n (%).

described their recovery. Most participants (91%) reported feeling as
comfortable answering questions by SMS texts than by answering in
person or via phone calls (Table 2).

Discussion

This is the first study to systematically examine the feasibility,
reliability, cost, and acceptability of gathering outcomes after acute
stroke via SMS texts. This novel method was found to be highly
reliable for collecting the mRS scores and moderately reliable for
collecting PROM scores. Even without specific program marketing
or patient engagement campaigns, the SMS-text program yielded a
40.5% response rate. Compared to direct patient phone calls, SMS
texting yielded fewer responses but is cost-saving for centers with
annual stroke discharges exceeding 181 patients based on our
costing equation. The experience of receiving text messages with
assessments and brain health tips was overall very well received by
stroke patients.

We found almost perfect agreement between mRS scores at both
the dichotomized (good vs. poor outcome) and ordinal levels
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obtained via SMS texting compared to traditional methods. This
high reliability provides the foundation for systematic evaluation of
stroke survivors’ outcomes at a large scale, which could help
evaluate the efficacy of stroke treatments. We found moderate
agreement with traditional methods for patient-reported measures.
This suggests that certain stroke outcomes (i.e., ordinal ratings of
global disability) may be more suitable for text-message programs.
Prior studies for smoking cessation (24) and depression (25) have
also found mixed reliability (fair to substantial) for self-report
assessments. Digital means for collecting stroke outcomes may be
limited by stroke-related impairments (i.e., language or cognitive
deficits). Further exploration is required to examine the reliability
of collecting different types of outcomes via SMS texting,
particularly in stroke. Furthermore, modality-specific outcome
measures, such as motor or language assessments after stroke, may
require other types of digital or sensor-based approaches (26-28).
SMS texting had an overall lower yield (40.5%) in this study
compared to targeted phone call follow-up method (61%, phone
calls). The first attempt at reaching participants via SMS texts also
yielded lower responses (28.6%) than the first attempt at reaching
participants via phone calls (56.7%). This differs from a prior
study that received more SMS-text data than paper diary data after
birth control insertion, although notably this patient population
was substantially younger as compared to ours (29). Stroke
survivors who tend to be older and often suffer stroke-related
deficits may be limited in their ability to use cell phones or read
and write SMS texts. Survivors might also have limited access to
their mobile devices when discharged to a facility, as a majority
(70.4%) of responders were discharged home. Engaging caregivers
to help with outcomes data collection via digital technology may
be helpful in these cases. Low SMS-text response rates could also
be attributed to participants feeling more comfortable declining to
participate via SMS texts rather than directly to a care team
member via phone calls. Another reason could be that the number
of required questions needed to complete the assessments by SMS
texts was too burdensome, and future research should determine
the optimal number of questions to response ratio. In addition,
future programs with a dedicated patient and caregiver outreach
and SMS-text reminders (30) will likely yield higher response rates.
While the majority of stroke patients consented to SMS-text
communication, there were differences between those who
consented and those who did not. Individuals who consented to
receive SMS texts were more likely to have English listed as their
preferred language than another language, have a lower NIH stroke
scale at admission, and be discharged home rather than to a
postacute care facility. Similar differences were found between
those who responded to SMS-text assessments vs. those who did
not. Furthermore, outcomes gathered via SMS texts revealed that
responders had predominantly mild disability (median mRS of 1,
with an interquartile range of 0-3). Outcomes gathered via SMS
texts may not be representative of all stroke survivors. A nutrition
education program for low-income parents that used SMS texts for
program evaluation also found limitations in those who could be
reached (31). In stroke, different approaches may be required to
reach non-English speakers (32) and those with more severe
disabilities (33). If the use of SMS-text programs can diminish the
burden of manual collection, outcome collection systems can work
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in parallel to focus human resources on the more healthcare
marginalized and disabled.

Due to the fixed cost of the SMS-text program for an unlimited
number of participants, higher response rates would render a lower
cost per participant. This contrasts with traditional methods such
that outcomes collected during clinic visits or by phone calls require
more resources for additional participants and thus cost increases
per participant. Therefore, identifying the cost-to-response ratio that
would favor SMS texting over traditional methods is essential for
developing cost-saving programs. In our study, we show that
gathering data via SMS texting would be cost-saving at scale for
larger populations. Alternatively, it could also be cost-effective for
smaller populations requiring outcome assessments at a greater
frequency. For example, a previous study showed that SMS texting
was more cost-effective for a weekly, two-question survey than the
same paper-based survey (34) due to the frequency demand of the
assessment. Future programs should consider the number of
participants, data type, and sampling frequency and length in
determining the cost-to-benefit ratio when using SMS texting.

Patients who participated in the program found it acceptable
without additional burden. The majority found that the messages
were clear, easy to understand, and easy to answer. The delivery of
brain health tips was well received. These results are consistent
with results from the acceptability of SMS texting in diverse
clinical populations including individuals with depression (25),
high blood pressure (35), and psychosis (36). Given the pervasive
use of cell phones in modern society, cell phone-based outcome
programs have significant promise for a wide range of patient
populations including those with stroke. Although it is feasible to
collect the mRS score via a mobile app (19), SMS texting leverages
existing software without requiring a smartphone, additional
download, or application knowledge.

Overall, our findings suggest that collecting functional outcomes
via SMS texting during the first 3 months after stroke is feasible,
acceptable, and reliable but that reach and cost-effectiveness should
be further considered for broad clinical translation. Future
programs should
languages and incorporating dedicated patient outreach materials.

consider developing content in multiple
For example, educational material on how to view and respond to
SMS-text communications delivered during the acute stroke
inpatient stay could be helpful. Such content would help reach
vulnerable populations. Increasing the yield of SMS-text outcome
programs would decrease the cost per participant and make broad
adoption across healthcare systems more feasible.

This study has several important limitations. The study was
conducted at a single, urban, academic medical center in the
northeastern United States with a predominantly White patient
population. Findings may not be translatable to other hospitals in
different locations with different patient populations. A limitation
to communication via SMS texting is the chance that someone
other than the intended recipient is receiving or interacting with
the SMS
information on the number of subjects who passed away during

texts. Moreover, the program could not gather
the study. In longitudinal data collection via SMS texting, subjects
may see their responses from prior time points (in the SMS-text
chain), which may lead to recall bias. Our sample of PROM data

via both SMS texting and traditional methods was small (n=19),
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and thus future studies with larger samples are needed to draw
definitive conclusions. At last, the potential effects of our stroke
and brain health educational program delivered via SMS texting
were not systematically considered in our cost analysis.

Conclusion

Our study suggests that it is feasible, reliable, and acceptable to
provide general stroke education and gather functional outcome
measures via SMS-text messaging after acute stroke discharge.
Replication of our results in an independent cohort and further
validation of specific outcome types and assessment frequency and
length are warranted. Our findings lay the foundation for using
SMS texting to gather outcomes after stroke to better evaluate the
real-world efficacy of stroke therapies.
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Consistent long-term practice
leads to consistent improvement:
Benefits of self-managed therapy
for language and cognitive deficits
using a digital therapeutic
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Department of Computer Science, College of Arts and Sciences, Boston University, Boston, MA, United
States, 2Center for Brain Recovery, Boston University, Boston, MA, United States, *Department of Electrical
and Computer Engineering, College of Engineering, Boston University, Boston, MA, United States

Background: Although speech-language therapy (SLT) is proven to be beneficial
to recovery of post-stroke aphasia, delivering sufficiently high amounts of
dosage remains a problem in real-world clinical practice. Self-managed SLT was
introduced to solve the problem. Previous research showed in a 10-week
period, increased dosage frequency could lead to better performance, however,
it is uncertain if dosage still affects performance over a longer period of practice
time and whether gains can be seen following practice over several months.
Objective: This study aims to evaluate data from a health app (Constant Therapy) to
investigate the relationship between dosage amount and improvements following a
30-week treatment period. Two cohorts of users were analyzed. One was
comprised of patients with a consistent average weekly dosage amount and the
other cohort was comprised of users whose practice had higher variability.
Methods: We conducted two analyses with two cohorts of post-stroke patients
who used Constant Therapy. The first cohort contains 537 “consistent” users,
while the second cohort contains 2,159. The 30-week practice period was split
into three consecutive 10-week practice windows to calculate average dosage
amount. In each 10-week practice period, patients were grouped by their
average dosage into low (0-15min/week), medium (15-40 min/week) and
moderate dosage (greater than 40 min/week) groups. Linear mixed-effects
models were employed to evaluate if dosage amount was a significant factor
affecting performance. Pairwise comparison was also applied to evaluate the
slope difference between groups.

Results: For the consistent cohort, medium (8=.002, t;7700 = 7.64, P<.001) and
moderate (8=.003, tgo97=7.94, P<.001) dosage groups showed significant
improvement compared to the low dosage group. The moderate group also
showed greater improvement compared to the medium group. For the variable
cohort in analysis 2, the same trend was shown in the first two 10-week
windows, however, in weeks 21-30, the difference was insignificant between low
and medium groups (8=.001, t=1.76, P=.078).

Conclusions: This study showed a higher dosage amount is related to greater
therapy outcomes in over 6 months of digital self-managed therapy. It also
showed that regardless of the exact pattern of practice, self-managed SLT leads
to significant and sustained performance gains.
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1. Introduction

Stroke is the most common disease that causes serious
neurological disorders (1). Every year, over 795,000 people in the
United States have a stroke, and aphasia or other communication
disorders develop in approximately one-third of cases (2, 3).
Compared to other patients, patients with aphasia are facing
higher mortality and a higher degree of functional limitation,
communication limitation, and social isolation (4, 5), making the
need for effective rehabilitative approaches especially acute.

Previous research has shown that speech-language therapy
(SLT) benefits functional language, language comprehension
(listening and reading), and language production (speaking and
writing) (6-14). Results also indicated that therapy at high
intensity, high dosage, or over a longer period might be more
beneficial compared to lower-intensity therapy (6). Moreover,
high-intensity SLT over a short period appeared to help
participants’ language use in daily life and reduced the severity of
their aphasia. However, high-intensity treatments might be less
acceptable than less intensive therapy schedules for patients, as
indicated by a significantly greater drop-out rate for higher-
intensity regimens (6). Besides acceptability, there was also the
problem of delivering sufficiently high therapy doses to patients
in the real world, where practical realities (e.g., reimbursement
caps, difficulties with mobility and travel, geographic isolation)
placed severe limits on the amount of therapy actually received.
National statistics available from the American Speech-Language-
(ASHA)
reduction in the frequency and amount of SLT by the time

Hearing  Association demonstrated a substantial
patients had been discharged from acute or inpatient settings to
community-based outpatient settings (15-17). A recent study of
dosage amounts in a U.S.-based outpatient setting reported a
median total therapy dosage of just 7.5h for individuals with
post-stroke aphasia (18). Similarly, another study of access to
outpatient post-stroke rehabilitation services found that the
average total dosage of outpatient SLT was 8 h total in the year
following an individual’s stroke (19). These average numbers
were far from the number of hours of therapy recommended for
high-intensity ~ SLT.
characterized high-intensity SLT protocols as providing total

In fact, meta-analytic reviews have
therapy dosages between 27 and 208 h, with positive effect
studies tending to provide at least 50 total hours of therapy (6, 20).

Enabling patients to engage in in-home practice through
computerized or app-based therapeutic programs could help
patients to get more sufficient amounts of therapy and meet the
dosage requirements of high-intensity SLT (13). Digital SLT
interventions have been used as part of a treatment protocol in
the form of smartphone, tablet, or computer-based programs.
Some of these programs are entirely self-managed, meaning that
patients can determine their own therapy schedule (14, 21-23).
By giving patients the freedom to determine their practice
schedule, researchers can access a wide range of practice
frequencies, amounts and overall practice patterns from patient
to patient. This variability provides a unique opportunity to

probe practice-response relationships in SLT via dose articulation
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studies, which are a necessary first step toward the ultimate goal

of establishing optimal dosage recommendations for SLT
interventions (23, 24).

Recent efforts by Cordella et al. analyzed retrospectively
collected data to evaluate the optimal dosage of interventions. In
this study, the authors directly compared different dosage
amounts of the same intervention in the context of self-managed
digital therapies (23). This study focused on the relationship
between the varied dosage frequency and the performance
outcome across 13 different skill domains following a 10-week
period of self-managed digital SLT. The results showed that
higher dosage frequency groups (e.g., four or five times per
week) achieved greater improvement vs. lower ones (e.g., once or
twice per week) across all domains and also within a majority of
individual subdomains. However, the definition of dosage in the
Cordella et al. study is primarily the median number of days in a
week patients practice, which is only one parameter to evaluate
overall dosage (25). Other ways to calculate dosage have included
session duration, total intervention duration, and total number of
sessions administered (24-32). Moreover, it is not clear that 10
weeks is a sufficient duration of language therapy, especially in
it
improvements over a longer time period than 10 weeks, by

chronic survivors. Consequently, is useful to evaluate
which it would be possible to discover potentially more nuanced
relationships between dosage and performance.

The goal of this study was to examine real-world therapy data
to investigate the relationship between dosage amount, and
midpoint and cumulative improvements following a 30-week
treatment period using the Constant Therapy app. There were
two main objectives of the current study. First, we investigated
whether greater average weekly dosage—defined as number
of minutes per week—led to greater performance gains over a
30-week period in a cohort of consistent users who practiced
approximately the same average amount week to week. Second,
in a larger cohort of more variable users we investigated the
effect of weekly therapy dosage on performance outcomes across
three consecutive 10-week intervals for a total of 30 weeks (i.e.,
6 months). The two cohorts were denoted as consistent cohort
and variable cohort. We hypothesized that in both analyses,
greater practice amount would lead to better performance
outcomes. Prior work has shown that during the first 10-week
period of therapy, higher dosage frequency groups improved
more compared to lower ones across all domains (23). Therefore,
we hypothesized that such trend would persist in longer-term

therapy that was practiced beyond 10 weeks.

2. Methods
2.1. Participants

Data used in this study are from patients who used the
Constant Therapy app between March 2016 and July 2020.
30,129 unique users who reported having had a stroke with
resultant speech, language, and cognitive deficits were included
in the analyses with their consent to using exercise and
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performance outcome data for research purposes. In order to
evaluate the performance of longer-term therapy, a smaller
number of users were filtered using criteria described in detail
below. Overall, all users were engaged in the app for more than
10 weeks in order for their data to be included in the analyses.
As described above, in the first cohort, 537 users practiced 30
weeks of consistent therapy (i.e., consistent cohort). In the
second, variable cohort, the number of users differed among time
periods. 2,159 patients are considered in the first 10 weeks, 1,314
in the second 10 weeks, and 812 in the last 10 weeks. The
filtering procedure flowchart is shown in Figure 1 to describe
how we select the users from the whole population in the
database. Note that all sessions we selected are self-managed

10.3389/fdgth.2023.1095110

sessions, which means no interference is made by any other
individual including clinicians or Constant Therapy support
team. Demographic details regarding participants are provided in
Table 1 after the filtering criteria are described.

2.2. Constant therapy program

Constant Therapy (CT) is an app-based, evidence-based digital
therapeutic designed to improve multiple domains of language

simultaneously —using a  self-managed approach (www.

constanttherapy.com) (33). Figure 2 depicts the CT therapy
program using a tripartite schema (ie., therapy target(s),

Total Unique Users = 408,100

Basic filter:

4
Total Unique Users = 138,128

Select the following:

Register date >= 2016-06-04

Disorder filter:

Select users whose

disorder_id in (1,2,3,7)
(1=TBI, 2=stroke,
3=aphasia, 7=concussion)

Session type filter:

Select sessions

A

Exercise week filter:

Select users who exercised x
weeks

A
Total Unique Users = 81,774
A

Total Unique Users = 30,129

type is “self-managed”
date <= 2019-10-31

Consistent filter:

Select users whose dosage
amounts are in the same
group over three time
periods

|
10

Total Unique Users = 2159

Total Unique Users = 1314

20

Total Unique Users = 812

\ 4

Variable Cohort

FIGURE 1

Flow chart of the data filtering procedure that results in the two cohorts for which analysis 1 and 2 are conducted, respectively.

Total Unique Users = 537

Consistent Cohort
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ingredients, and mechanisms of action) following the Rehabilitation
Treatment Specification System (RTSS) (34). There are several
unique ingredients of the program, including (1) task variety with
266 different task types spanning speech, language and cognitive
domains and functional daily activities that encompass them (e.g.,
listening to a voicemail, reading a map); (2) personalized goal
setting enabling patients and their clinicians to identify high-
priority, functionally relevant therapy goals across multiple
(3) adaptive difficulty that self-paced
progression from easier to harder tasks within each targeted

domains; enables
domain using an algorithm based on performance accuracy and
consistency, allowing for therapy scaffolding in a way that mirrors
in-person therapy techniques employed by skilled clinicians; (4)
consistent feedback that is provided to the patient after every
item, therapy goal and session; (5) ease of access that allows

TABLE 1 Summary statistics of the consistent cohort (N = 1,448).

0-15 min/
week

Characteristics Overall 15-40 min/

week

>40 min/
week

(N'=1,448)

10.3389/fdgth.2023.1095110

patients to log in and practice therapy at their convenience and
progress at their own pace; and (6) the recommended therapy
regimen that can be self-managed, reducing the need for regular
face-to-face interaction with a clinician. Preliminary studies of CT
have indicated that it is effective in inducing improvements in
language outcomes in chronic post-stroke aphasia (22, 35, 36).
For this study, we aggregated data across 13 different skill
domains: (1) analytical, (2) arithmetic, (3) attention, (4)
auditory comprehension, (5) auditory memory, (6) naming, (7)
phonological processing, (8) production, (9) quantitative, (10)
reading, (11) visual memory, (12) visuospatial skills and (13)
writing. When using the Constant Therapy program, users
select skill domains they wish to improve and are assigned tasks
based on that selection by the algorithm. Task difficulty is
adjusted per individual user using an adaptive algorithm, with
more difficult tasks assigned once patients have demonstrated
mastery of prior tasks assigned with a high accuracy. The order
in which more difficult tasks are assigned is according to a
universal task progression order per domain. The progression
order is thus a serial ranking of tasks from least to most
difficult. Determination of each domain’s progression order was
based on research evidence in consultation with speech-
language pathologists (37). Patient progress is subdomain
specific, so improvement in one domain does not affect the
progression order of other domains the patient is practicing
simultaneously. In this way, during a session, patients practice
tasks in order of subsequent increasing progression orders.
Additionally, if a patient fails to improve at one progression
order, a lower-level task will be assigned to the patient in
addition to the original task. The Constant Therapy app records
all data for each session for this study including accuracy per

Age, mean (SD) 63.13 (13.68) 62.43 63.10 (13.86) | 64.74 (12.69)
(13.98)
Baseline domain 0.32 (0.20) | 0.33 (022) | 0.30 (0.19) | 0.33 (0.18)
score, mean (SD)
Sex, n (%)
Male 820 (56.6) | 423 (56.0) | 193 (55.0) 204 (59.8)
Female 628 (43.4) | 333 (44.0) | 158 (45.0) 137 (40.2)
Other 0 (0) 0 (0) 0 (0) 0 (0)
Chronicity, n (%)
Acute (<6 months) 705 (48.7) 364 (48.1) 169 (48.1) 172 (50.4)
Chronic (>6 months) 743 (51.3) 392 (51.9) 182 (51.9) 169 (49.6)
N (patients) = 537.
Therapy Ingredients

100,000+ stimuli items spanning multiple speech, language
and cognitive skill domains

Personalized goal setting

Upon registration, patient selects skills to practice

Adaptive difficulty

Task difficulty automatically adjusted based on individual
user’s past performance

Consistent feedback

Feedback delivered for every item practiced. Periodic
summary of performance and progress also provided

Ease of access

Patients do therapy at home & on-demand

Prescribed regimen

Evidence-based tasks are assigned to users based on the
skills they selected for improvement

FIGURE 2

framework.

Mechanisms of Action

Comprehensive therapy targets
multiple skills simultaneously

Personalized goals increase
motivation & buy-in

Personalized difficulty level
reduces boredom/frustration

Knowledge of results promotes
self-managed learning

Enables & encourages intensive
therapy practice

Enables self-managed practice
without clinician supervision

Ingredients, mechanisms, and targets of the constant therapy program, conceptualized within the rehabilitation treatment specification system (RTSS)

Therapy Target

Improve language

outcomes
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trial, latency per trial, the progression order, timestamp, total
exercises, and session duration.

Because users practice different task types at different levels of
difficulty, it is not enough to evaluate the performance outcome
using an accuracy metric alone. Instead, we derived a summative
metric of performance accuracy that allows for comparison across
different skill domains and task difficulty levels, called domain
score. In a specific session, the highest progression order of the
task passed or worked on and the lowest progression order of the
task failed are recorded. Here passing a task indicates accuracy of
the task is equal to or greater than 90%, working on means more
than 40% and less than 90%, while failure means accuracy is
lower than 40%. The domain score of the session is calculated by
averaging the two progression numbers, which is an estimate of
the session’s difficulty level. After that, the domain score is
normalized by dividing it by the total number of progression
orders in the specific domain. Normalization is required because
the numbers of progression orders vary from domain to domain,
and the original number alone cannot be used to compare
directly across different domains. More details of domain score
and its calculation have been previously described (23). By
averaging the domain score across sessions in a week (only if
there are multiple sessions in a single week), it is possible to
evaluate the deterioration

. ot
improvement or of patients

performance over time in a single domain.

2.3. Determination of the different dosage
groups

Prior to discussing the data analyses, it is important to describe
the determination of the different dosage groups. For a specific
patient, the term exercise week indicates a week in which the
patient has exercise records; unless explicitly noted, week is
defined as exercise week in this study. In an n-week time period,
the average dosage amount is calculated by summing up the
dosage amount in the n exercise weeks and dividing it by the
total number of calendar weeks the patient spent to complete #
weeks of practice, which may include some additional weeks that
do not have exercise records. Patients were then binned into the
following three groups based on their average dosage amount
over a period spanning 10 exercise weeks: 0-15 min per week
(low dosage group), 15-40 min per week (medium dosage
group), and more than 40 min per week (moderate dosage
groups). It should be noted here that users practicing greater
than 40 min per week on average demonstrated a large dosage
range (up to 1,736 min per week in a 10-week period).

We considered 30 (exercise) weeks of time in total to evaluate
the relationship between dosage amount and performance
outcome. The 30-week period was split into three 10-week
periods, and dosage amounts were averaged separately in the
three periods. Patients were considered consistent (Analysis 1)
only if (1) they had at least 30 exercise weeks on record and (2)
for each of the 10-week time periods, they stayed within the same
dosage group. Since this dataset is relatively small and not reflective
of the more variable practice patterns that characterize the majority
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of app users, we also wanted to include an analysis of patients with
more variable usage habits (Analysis 2). In the three 10-week
periods, patients were included if they had practice records in each
of the 10 weeks. Crucially for this analysis, a specific patient could
appear in different groups in different time periods (e.g., 0-15 min/
week group in the first 10 weeks vs. 15-40 min/week group in the
second 10 weeks), so it is not possible to compare the same dosage
amount group across multiple 10-week periods, hence data in the
three time periods were analyzed separately.

2.4. Statistical analyses

For all statistical analyses, the first week of the therapy within a
10-week period of exercises was indicated as the baseline week, and
a comparison of domain scores between later weeks and the
baseline week was made to address the performance outcome
over this 10-week period. Because we were primarily interested in
the effect of dosage amount on performance outcome, we began
by grouping patients according to their average weekly dosage
amount, measured by calculating the mean minutes per week of
therapy. Patients were then binned into one of the three groups
introduced above: 0-15 min per week, 15-40 min per week, and
more than 40 min per week.

Linear mixed-effect models (LMMs) were run in order to
examine domain score changes over time as a function of dosage
amount group. The weekly domain score served as the dependent
variable in the model, with fixed effects of time (week number),
dosage amount group, cumulative practice amount (ie., total
hours spent completing therapy tasks), time x dosage amount
group, and time x cumulative practice amount. Covariates of age,
time since stroke (<6 and >6 months), sex, and baseline domain
scores were also included as fixed effects in the model. The model
included random effects of patients and domains.

All statistical analyses were conducted in R (version 4.1.2;
R Foundation for Statistical Computing) using Ime4, ImerTest,
emmeans, and sjPlot packages.

2.5. Ethics approval

This project was considered an institutional review board-
exempt retrospective analysis by Pearl Institutional Review Board
(#17-LNCO-101) under 45 Code of Federal Regulations 46.101
(b) category 2.

3. Results
3.1. Analysis 1: consistent users

A total of 537 patients and 1,448 records in different domains
were selected as consistent practice patients by the criteria
mentioned previously. As we are considering records of different

domains from one specific patient separately, this can yield
multiple records per patient. The statistical analysis is based on
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FIGURE 3
Change in domain score as a function of dosage amount group: (A) shows the score change for the consistent cohort, and (B—D) for the variable cohort.

the total number of 1,448 records. Among these records 820 are
from male patients while 628 records are from female patients.
The average age of patients is 63.13 (SD, 13.68) years old with
48.7% (705) in the acute recovery stage (less than 6 months prior
to therapy initiation). The summary statistics for the entire
cohort and for each dosage amount group are presented in
Table 1. In general, age, sex, and chronicity did not differ among
dosage groups (P> .05 in all comparisons).

Analysis 1 asked the question of whether greater average weekly
dosage—defined as number of minutes per week—leads to greater
performance gains over a 30-week period in a cohort of consistent
users who practice approximately the same average amount week-
to-week. The overall change in domain score (collapsed across
domains) for the consistent group over 30 weeks is plotted in
Figure 3A. The plot shows that, while all patients show
improvements in the overall domain score, the 40+ min/week
group shows greater changes in the domain score than the
0-15 min/week and 15-40 min/week groups over the 30-week
time period. The statistical results for the consistent cohort are
shown in Tables 2, 3. Specifically, a higher weekly domain score
was associated with an increase in the number of weeks of
therapy (8=.004; t=6.09; P <.001), higher baseline domain score
(B=.378; t=67.74; P<.001), and greater practice amount (15—
40 min/week: f=.034, t=7.49, P<.001; 40+ min/week: 8=.091,
t=14.70, P<.001). In addition, age (8=-.001; t=-2.80;
P=.005) and time since stroke (8=.019; t=2.08; P=.038) were
also significant predictors of domain score, with younger age and
acute chronicity associated with a higher weekly domain score.
Sex was not a significant predictor of domain score.
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TABLE 2 Final linear mixed-effects model results summary of consistent
cohort (fixed effects).

Predictors Estimates (SE) t test (df) P value

Fixed effects
Intercept

Week

Dosage group
(15-40 min/week)
Dosage group
(>40 min/week)

251%x 107" (2.94%x107%)
3.88x 107> (637 x 1074
3.43x1072 (458 x 107°)

8.56 (7.60 x 10%)
6.09 (2.15x 10"
7.49 (1.76 x 10%)

9.06 x 1072 (6.17 x 107) | 14.70 (9.37 x 10%)

Domain score baseline | 3.78 x 107! (5.58 x 107%)
—9.42x107* (337 x107%)
3.94x107* (9.04 x 1073)
1.86 x 1072 (8.94 x 107°)

2.01x 107> (2.63 x 107%)

67.74 (4.26 x 10%)
—2.80 (5.03 x 10?)
0.04 (5.04 x 10%)
2.08 (5.04 x 10%) *
7.64 (1.77 x 10%)

Age

Sex (male)
Chronicity (acute)
Week: Dosage group
(15-40 min/week)
Week: Dosage group
(>40 min/week)

2.81x107° (3.54x107%) | 7.94 (9.30 x 10°)

Signif. codes: 0 "***" 0.001 "**" 0.01 "*" 0.05 " 0.1" " 1.

Model equation: domain score (weekly average)~1+ week* dosage group +
domain score baseline + age + sex + chronicity + (1 + week:patient) + (1 + week:
domain).

Most importantly given our study objectives, the time x dosage
amount group interaction was significant (F=38.78, P<.001).
From this result, we note that although all groups of consistent
app users improved over the 30-week therapy period, the rate of
improvement was driven by the weekly dosage amount.
Compared to the group practicing 0-15 min per week, the 15—
40 min per week group (8=.002, t;;700=7.64, P<.001) and the
group practicing more than 40 min per week (8=.003, fg,9;=
7.94, P<.001) showed significantly higher weekly domain scores
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TABLE 3 Final linear mixed-effects model results summary of consistent
cohort (random effects).

ed O dalla e O elatio
Random effects
Residual 1.65x 1072 (128 x 107") N/A
Patient (intercept) 1.03x 1072 (1.02x 107" N/A
Domain (intercept) 4.46x 107> (6.68 x 1072) N/A
Week:patient (slope) 3.78 x107° (6.15x 1072) -0.20
Week:domain (slope) 3.99x107° (2.00 x 1072) —0.34

TABLE 4 Pairwise comparisons of slopes by dosage amount group
(consistent cohort).

Contrast Estimate (SE) t test P value
0-15 min/week vs. —2.01x107° (2.63 x 107*) —7.64 ok
15-40 min/week

0-15 min/week vs. —2.81x107° (3.54x 107 —-7.94 ok
>40 min/week

15-40 min/week vs. —7.99 % 107* (2.94 x 107*) —2.69 *
>40 min/week

Signif. codes: 0 "***" 0.001 "**" 0.01 ™" 0.05 " 0.1" " 1.

over time. A post hoc comparison of slopes across each of the three
dosage groups revealed a significantly greater rate of improvement
for the moderate dosage (40+ min/week) group compared to the
medium dosage (15-40 min/week) group and the low dosage (0-
This incremental

15 min/week). reinforces the notion that

TABLE 5 Summary statistics of the variable cohort.

10.3389/fdgth.2023.1095110

increases in weekly therapy dosage (ie., 0-15 vs. 15-40 vs. 40
+ min/week) yield significantly greater gains in improvements
over a 30-week period for this cohort of consistent app users
(Table 4).

Analysis 1 took a conservative approach to evaluate the effects
of practicing long-term therapy, only users that consistently
30 weeks
Consequently, the number of such users was relatively low, with

practiced for were included in the analyses.
only 537 individual users. A perusal of the database of users
indicated that users were more likely to be variable in their
practice patterns, sometimes practicing more often and
sometimes practicing less often. To evaluate whether this variable
practice pattern influenced the extent of domain score change,

we conducted Analysis 2.

3.2. Analysis 2: variable users

In Analysis 2, in each 10-week period, the numbers of
patients in this cohort are subject to change and vary from
period to period. Demographic information about users in
each of the three time periods is listed in Table 5. Age and sex
are distributed evenly across the three time periods and the
three groups in each time slot. However, the average baseline

Time period Characteristics Overall 0-15 min/week 15-40 min/week >40 min/week
Week 1-10 Age, mean (SD) 63.36 (13.51) 62.52 (13.77) 63.85 (13.71) 64.45 (12.35)
(N=12,112) Baseline domain score, mean (SD) 0.33 (0.20) 0.32 (0.21) 0.33 (0.19) 0.36 (0.18)
Sex, n (%)
Male 6,902 (57.0) 3,061 (55.5) 2,488 (58.3) 1,353 (58.0)
Female 5,151 (42.5) 2,423 (43.9) 1,764 (41.3) 964 (41.3)
Other 59 (0.5) 30 (0.6) 12 (0.4) 17 (0.7)
Chronicity, n (%)
Acute (<6 months) 6,899 (57.0) 3,080 (55.9) 2,468 (57.9) 1,351 (57.9)
Chronic (>6 months) 5,213 (43.0) 2,434 (44.1) 1,796 (42.1) 983 (42.1)
Week 11-20 Age, mean (SD) 63.39 (13.53) 62.59 (14.18) 63.99 (13.05) 64.45 (12.46)
(N =16,888) Baseline domain score, mean (SD) 0.41 (0.22) 0.37 (0.22) 0.43 (0.22) 0.47 (0.20)
Sex, n (%)
Male 3,906 (56.7) 1,931 (57.4) 1,237 (55.4) 738 (57.3)
Female 2,975 (43.2) 1,435 (42.6) 993 (44.5) 547 (42.5)
Other 7 (0.1) 1 (0.0) 3(0.1) 3(0.2)
Chronicity, n (%)
Acute (<6 months) 3,656 (53.1) 1,781 (52.9) 1,205 (54.0) 670 (52.0)
Chronic (>6 months) 3,232 (46.9) 1,586 (47.1) 1,028 (46.0) 618 (48.0)
Week 21-30 Age, mean (SD) 63.66 (13.06) 63.00 (13.31) 64.07 (13.05) 64.61 (12.38)
(N=4,162) Baseline domain score, mean (SD) 0.43 (0.23) 0.39 (0.23) 0.45 (0.23) 0.50 (0.21)
Sex, n (%)
Male 2,398 (57.6) 1,151 (57.0) 746 (56.8) 501 (60.4)
Female 1,762 (42.3) 867 (42.9) 567 (43.1) 328 (39.6)
Other 2(0.1) 1(0.1) 1(0.1) 0 (0)
Chronicity, n (%)
Acute (<6 months) 2,011 (48.3) 989 (49.0) 622 (47.3) 400 (48.3)
Chronic (>6 months) 2,151 (51.7) 1,030 (51.0) 692 (52.7) 429 (51.7)

N (patient 0—15 min/week) = 2,159.
N (patient 15-40 min/week) = 1,314.
N (patient >40 min/week) = 812.
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TABLE 6 Final linear mixed-effects model results summary of the variable cohort (fixed effects).

10.3389/fdgth.2023.1095110

Time period Predictors Estimates (SE) t test (df) P value
Fixed effects
Week 1-10 Intercept 1.51x 107" (1.31x1072) 11.49 (2.27 x 10") bt
Week 9.00 x 10 (9.96 x 1074 9.04 (1.57 x 10%)
Dosage group (15-40 min/week) 221x107% (1.69x 1073) 13.07 (3.93 x 10%) ok
Dosage group (>40 min/week) 416x107% (2.27x107%) 18.31 (1.90 x 10%) hiid
Domain score baseline 6.05% 107" (2.58 x 107%) 234.45 (1.14 x 10°) hiid
Age —2.70x107* (9.62x 107°) -2.81 (1.72 x 10°) o
Sex (male) 449x107* (2.63x107%) 0.17 (1.71 x 10°)
Sex (not specified) 212x107% (1.77x 1072) 1.20 (1.84 x 10%)
Chronicity (acute) 9.29x 107 (2.64x 107°) 3.52 (1.70 x 10°) oex
Week: Dosage group (15-40 min/week) 2.74x107° (3.18 x 1074 8.60 (4.18 x 10%) oex
Week: Dosage group (>40 min/week) 5.58x 107> (4.28 x 107%) 13.02 (2.07 x 10%) ok
Week 11-20 Intercept 7.14x 1072 (1.01 x 1072) 7.05 (4.45x 10") oex
Week 2.94% 107 (529 x 107%) 5.56 (2.56 x 10") ook
Dosage group (15-40 min/week) 1.59%107° (5.12x 107%) 0.31 (1.26 x 10%)
Dosage group (>40 min/week) —-5.01x107° (6.63 x 107°) —0.76 (6.24 x 10%)
Domain score baseline 7.79% 107" (2.58 x 107) 301.62 (4.94 x 10%) ot
Age —-2.80x107* (8.98 x 107°) —3.11 (9.26 x 10%) A
Sex (male) -1.03x107* (2.44x 107>) —0.42 (9.28 x 10%)
Sex (not specified) —1.90x 1072 (3.25 x 1072) —0.59 (1.23 x 10%)
Chronicity (acute) 1.48x 1072 (243 x 107%) 6.10 (9.28 x 10%) ok
Week: Dosage group (15-40 min/week) 1.57x 107> (351 x 107%) 4.48 (1.38 x 10%) ek
Week: Dosage group (>40 min/week) 333x107° (4.58 x 1074 7.27 (7.14x 10°%) il
Week 21-30 Intercept 6.78 x 1072 (1.17 x 107%) 5.82 (1.02 x 10%) bt
Week 1.63x 107> (453 x 107%) 3.60 (4.09 x 10%) bt
Dosage group (15-40 min/week) —4.00 x 107 (1.01 x 1072) —0.40 (3.02 x 10%)
Dosage group (>40 min/week) —2.64x1072 (1.25x 1072) —2.11 (1.41 x 10%) *
Domain score baseline 8.13x107! (3.01x1073) 270.21 (2.69 x 10%) ox
Age —-3.99%107* (1.04x 107%) —3.84 (5.94x 10%) oot
Sex (male) —2.89x107* (2.77 x 107°) —0.11 (5.74 x 10%)
Sex (not specified) —2.07x 1072 (4.64 x 107%) —0.45 (1.09 x 10%)
Chronicity (acute) 1.03x 1072 (2.75x 107%) 3.73 (5.73 x 10%) oex
Week: Dosage group (15-40 min/week) 7.29x 107" (4.14x 107" 1.76 (3.11 x 10%)
Week: Dosage group (>40 min/week) 249 %107 (5.14x 1074 4.85 (1.48 x 10%) oex

Signif. codes: 0 "™***" 0.001 "**" 0.01 "*" 0.05 " 0.1" " 1.

Model equation: domain score (weekly average) ~ 1 + week * dosage group + domain score baseline + age + sex + chronicity + (1 + week:patient) + (1 + week:domain).

domain score increased over time (week 1-10: 0.33, week 11-20:
0.41, week 21-30: 0.43), which indicates that patients were
improving as part of the continued therapy process. Another
factor to note is that as time progressed, the portion of acute
patients decreased (week 1-10: 57.0%, week 11-20: 53.1%,
week 21-30: 48.3%).

Analysis 2 asked the question of whether greater amounts of
weekly therapy led to greater performance gains across three
consecutive 10-week intervals (for a total of 30 weeks), in a larger
cohort of more variable users. As shown in Tables 6, 7, similar to
the consistent cohort, time (week 1-10: f=.009, t=9.04, P<.001,
week 11-20: f=.003, t=5.56, P<.001, week 21-30: f=.002, t=
3.60, P<.001), acute condition (week 1-10: B=.009, ¢=3.52,
P<.001, week 11-20: f=.015, t=6.10, P<.001, week 21-30:
B=.010, t=3.73, P<.001) and greater baseline domain score (week
1-10: S=.604, t=234.45, P<.001, week 11-20: B=.779, t=301.62,
P<.001, week 21-30: B=.813, t=270.21, P<.001) were also
associated with greater weekly domain score within each of the
10 week analysis periods. Figures 3B-D shows the change in
domain score of this cohort in three different time periods.

Frontiers in Digital Health

Crucial to our question of interest, the interaction of time x
dosage amount group was significant across each of the three
10 week analysis periods. Compared to the 0-15 min/week
group, the 15-40 min/week (week 1-10: §=.003, t=8.60, P
<.001, week 11-20: =.002, t=4.48, P<.001) and 40 + min/
week groups (week 1-10: f=.006, t=13.02, P <.001, week 11-
20: p=.3, t=727, P<.001) showed greater rates of
performance improvement in the first and second 10-week
analysis intervals. Post hoc comparisons of slopes (Table 8)
demonstrated a significantly greater rate of improvement also
for the 40 + min/week compared to the 15-40 min/week in both
the first and second 10-week intervals. For the final 10-week
analysis interval (i.e., weeks 20-29 of therapy), a similar pattern
of significance emerged, with the rate of improvement being
significantly greater for 40+ min/week vs. 0-15 min/week group
(8=.002, t=4.85, P<.001), but with no significant difference in
rates of improvement for the 15-40 and 0-15 min/week (3
=.001, t=1.76, P=.078). Post hoc tests revealed there was also
a significantly greater rate of improvement for the moderate vs.
medium dosage group.
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TABLE 7 Final linear mixed-effects model results summary of variable
cohort (random effects).

i peiod ___predicors____Varnce 50

Random effects

Week 1-10 Residual 145x1072 (1.21x107") N/A
Patient (intercept) 2.57x107° (5.07 x 1072) N/A
Domain (intercept) 170 x 1073 (4.13x 1072) N/A
Week: patient (slope) | 1.36 x 107™* (1.16 x 1072) 0.43
Week: domain (slope) | 1.14x 1077 (3.38 x 1073) —0.15

Week 11-20 | Residual 1.02x1072 (1.01 x 1074 N/A
Patient (intercept) 558 x 107> (7.47 x 1072) N/A
Domain (intercept) 6.69 x 107* (2.59 x 1072) N/A
Week: patient (slope) | 6.42x107° (8.01 x 107 —-0.91
Week: domain (slope) | 2.29x107° (1.51 x 107%) -0.50

Week 21-30 | Residual 9.08 x 107 (9.53 x 1072) N/A
Patient (intercept) 1.62x 1072 (127 x 107" N/A
Domain (intercept) 329%x107* (1.81 x1072) N/A
Week: patient (slope) | 4.72x107° (6.87 x 107> -0.98
Week: domain (slope) | 9.73x 1077 (9.87 x 107%) —0.56

Model equation: domain score (weekly average)~1+ week* dosage group +
domain score baseline + age + sex + chronicity + (1 + week:patient) + (1 + week:
domain).

4. Discussion

This study aimed to examine if self-managed therapy could be
sustained over a long period of time, and if greater average amounts
of therapy were associated with greater therapy outcomes. To
address these broad questions, therapy practice over a course of a
30-week treatment period (i.e., 6 months) was evaluated for
different dosage amounts. Specifically, we evaluated whether
greater average weekly dosage—defined as number of minutes
per week—led to greater performance gains over a 30-week
period in a cohort of consistent users who practice
approximately the same average amount week to week. A second
analysis examined a larger cohort of variable users, also over a
course of 30-week period, to see if performance outcomes at
each 10-week period showed relative greater gains for high
practice frequency than lower practice frequencies.

There were several main conclusions to be drawn from our
study results. Firstly, patients were able to practice consistently
for 30 weeks of self-managed therapy and this practice was
associated with concurrent improvements in domain scores. Not
surprisingly, in this context, users who practiced more than
40 min per week showed greater improvements in the average
domain score than users who practiced less than 15 min per
week. These results suggest that consistent and sustained practice
can result in therapy improvements and that these gains are
maintained 20-30 weeks from the therapy onset time. Notably,
patients who practiced more variably over a 30-week treatment
period likewise demonstrated that greater weekly average dosage
amounts were associated with greater improvements in overall
domain score. In particular, users who practiced more than
40 min per week showed significantly greater performance gains
than users who followed a medium (15-40 min) or low (0-
15 min) dosage practice regimen. This was the case in each of
the three 10-week intervals of interest, demonstrating that dosage

amount matters for therapy outcomes not just in the beginning
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TABLE 8 Pairwise comparisons of slopes by dosage amount group
(variable cohort)

i peiod _comrast____ gt 5

Week 1-10 | 0-15 min/week vs. | —2.74x 107> (3.18 x 10™%) | —8.60 i
15-40 min/week
0-15 min/week vs. | —5.58 x 107> (428 x 10™%) | —=13.02 | ***
>40 min/week
15-40 min/week | —2.84x 107> (3.89x107%) | —7.30 ook
vs. >40 min/week

Week 11-20 | 0-15 min/week vs. | —1.57 x 107> (3.51 x 107%) | —4.48 o
15-40 min/week
0-15 min/week vs. | —3.33 x 107> (4.58 x 107™*) | —7.27 ook
>40 min/week
15-40 min/week | —1.75x 107> (4.32x 107%) | —4.06 o
vs. >40 min/week

Week 21-30 | 0-15 min/week vs. | —7.29 x 10™* (4.14x 10™%) | —1.76
15-40 min/week
0-15 min/week vs. | —2.49x 107> (5.14x 107™*) | —4.85 ok
>40 min/week
15-40 min/week -1.76 x 107 (5.07 x 10™*) | —3.48 A

vs. >40 min/week

Signif. codes: 0 "***" 0.001 "**" 0.01 "*" 0.05"."0.1" " 1.

but also throughout the course of treatment. It should also be
noted, as Figure 4 shows, users who practiced more than 40 min
per week (Figure 4C) also tended to practice more frequently,
with a portion of 65.1% practicing more than 5 days per week
and 27.8% practiced every day, compared to less frequent, more
(15-40 min)
(Figure 4B) and low (0-15 min) (Figure 4A) dosage groups.

massed practice patterns in the medium

One notable observation is that by the 21-30 week period, the
proportion of chronic patients (greater than 6 months post injury)
was higher than in the first 1-10 week period, where they were
more acute patients (less than 6 months post injury). This
observation was true for both the consistent and variable group
analyses. These results suggest that chronic survivors are able to
sustain practice over long periods of time (>20 weeks) and
demonstrate noticeable improvements on the domain score
within the Constant Therapy program.

Results from both consistent and variable user cohorts
demonstrated significant gains in domain score across the entire
30-week period of interest in our analyses. In both cohorts, the
greatest rates of improvement occurred in the early weeks of
able
performance gains during later weeks of therapy (e.g., weeks

therapy but crucially, all users were to maintain
10-20; 20-30). Moreover, for users following a relatively higher
dosage practice regimen, these additional weeks of therapy
resulted not only in maintenance of initial gains but in
significant additional gains. This result underscores the promise
of higher dose therapy to induce gains over a much longer time
period than has previously been shown.

In line with prior research, our results show that relatively
higher dosage therapy regimens are associated with greater gains
in performance as compared to medium or low dosage regimens
(6, 38). This study is among a relatively small number of studies
to directly compare the effects of varied dose of the same
small number of these dose

behavioral intervention. The

articulation studies has been identified as a major barrier to the
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Practice frequency distribution of users in different dosage amount groups.

development of optimal dosage guidelines for speech-language  on traditional clinician-mediated interventions (39). To our
pathologists. A recent systematic review found just six studies knowledge, only one prior study has investigated the effect of
that reported direct dosage comparisons, and all of these focused  varied dosage on treatment outcomes for a self-managed digital
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therapy (23). The current study extends on this finding in critical
ways by demonstrating that (1) high-intensity, self-managed SLT
leads to significant performance gains over a much more
extended therapy time than previously shown (30 vs. 10 weeks)
and (2) performance gains are greater for users who practice a
greater average amount, regardless of whether they are consistent
or more variable in their usage pattern.

The current study also contributes to existing literature through
its use of a real-world, ecologically valid dataset. Although the
efficacy of high dose speech-language therapy has been
established in the literature, there is a gap in translating these
research findings to clinical practice. Translation of research
findings is complicated by several barriers that include, among
others, a large discrepancy in the amount of therapy
recommended in research compared to the amount of therapy
that is realistically attainable in the clinical setting (15, 18). By
analyzing data from two cohorts of patient users who showed
natural divergence in the pattern and amount of app-based
practice logged over the 30-week time period, we were able to
investigate effects of different dosage amounts taking into
account the actual amount and types of practice of a large
number of real-world users. This ensures greater generalizability
of results to the clinical and real-world settings. Our results are
encouraging because they not only show that higher intensity
(40 min or more per week in our study) is feasible for a sizable
group of real-world users but they also show that regardless of
your exact pattern of practice (consistent vs. variable; moderate
vs. medium vs. low), self-managed SLT leads to significant and
sustained performance gains. Our results also demonstrate that
higher-intensity therapy may look different in self-managed
settings compared to highly controlled laboratory or clinical trial
settings. In the latter, weekly dosage prescriptions are very high
but total intervention duration is relatively short, whereas in our
data, weekly dosage amounts are comparatively more modest but
users instead practice for many more weeks (30+ weeks),
resulting in cumulative dosage amounts that are comparable to
high-intensity regimens as reported in the literature (38). Also
important to consider is that CT or other app-based, at-home
therapy can be used as an adjuvant to other SLT within the
context of patients’ longer-term trajectory of recovery; patients
may for instance receive direct SLT in early post-acute recovery
stages but turn to use of at-home, self-managed therapy after
exhausting options for insurance-covered direct SLT. Finally, we
note that the data analyzed in this study is the result of entirely
self-managed practice, meaning that users were not given explicit
instructions on the amount or frequency with which to practice.
It is likely that dosage amounts—and possibly also the resultant
therapy gains—could be augmented if users were advised on a
specific practice regimen.

Importantly, the current study focused on measuring
improvement via an in-app task improvement measure (i.e.,
domain score). Though outside the scope of the current study, it
will be essential in future work to evaluate the generalizability of
in-app domain score improvements to standardized measures of
global language severity (e.g., WAB-R Aphasia Quotient), to real-
world communication large

settings and conducted with
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numbers of users. Prior clinical studies of the Constant Therapy
app have reported clinically significant gains in both global
language severity measures and quality of life scores following in-
app practice (35, 36). Des Roches et al. found significant pre-post
improvements on the WAB-R Aphasia Quotient and composite
severity score on the Cognitive Linguistic Quick Test among an
experimental group of patients using the CT program as an
adjuvant to traditional SLT; no such changes were seen among
control participants receiving only traditional SLT (36). Most
recently, Braley and colleagues conducted a randomized clinical
trial comparing language-based outcomes following digital-only
CT therapy compared to traditional SLT. Participants receiving
digital-only CT therapy improved 6.75 points on the WAB-R AQ
and also demonstrated significant improvement in overall quality
of life, as measured by the Stroke and Aphasia Quality of Life
Scale 39 (SAQOL-39) (35). Taken together, these findings lend
encouraging evidence in support of treatment generalization for
CT app users. It is also worthwhile to note that unlike rote
paper-and-pencil therapy exercises, CT tasks are functional in
nature (e.g., reading a museum map to determine where a given
exhibit is), which may make it more likely for in-app
improvements to generalize to out-of-app settings.

4.1. Limitations

We note several limitations of the current study. First is the
lack of standardized performance metrics to characterize baseline
severity and relatedly, the reliance on patient self-report for
reporting of demographic and etiological details. The Constant
Therapy app makes it possible to collect a large amount of real-
world data about users and their daily performance patterns but
because it is entirely self-managed, our dataset did not include
standardized assessment metrics that might typically be collected
in a clinic setting (e.g., Western Aphasia Battery-Revised aphasia
to detailed

cognitive

quotient). Likewise, we did not have access

information  about concurrent medical and
comorbidities, motivation levels, or personality types, all of
which have the potential to influence therapy outcomes. Our
analysis models do take into account basic demographic
information such as age, sex, and chronicity and we also include
random effects of patients in all analysis models. For baseline
severity, we use the baseline domain score as a proxy measure.
Nonetheless, future models with more detailed patient factors
would likely lead to more robust and generalizable results.

A second limitation of the current study relates to the way
in which users were assigned to their respective dosage groups
and the way in which we chose to bin these groups. Users were
binned into one of the three dosage amount groups according
to their usage patterns and not by random assignment, leading
to the possibility for some degree of self-selection into these
groups (e.g., more severe users practicing less). To account
for this potential effect of severity on results, we included
baseline domain score—our proxy for starting severity—as a
covariate in all statistical models. We also acknowledge that
the current data-informed but

study employs clinically
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arbitrary cutoffs to determine grouping into low, medium and
moderate dosage groups. We therefore are careful to interpret
results as providing support for higher vs. lower dose therapy
rather than for a specific therapy prescription in minutes
(e.g., 40 or min/week).

A final limitation is that there is insufficient information
available on whether users had access to other direct therapy
services. It is possible that some users may have used the app-
based regimen in combination with traditional, in-person SLT,
while others may have solely relied on the app. Differences in
the amount of outside (i.e., non-app-based) therapy received by
users across the dosage groups could potentially affect the results.
High dosage app users may also be receiving more outside
therapy, making it difficult to attribute any improvement in
performance solely to increased in-app practice.

5. Conclusion

This study explored the relationship between the weekly
dosage amount that stroke patients practiced in an app-
based, their
performance improvement over a 30-week period. The

self-managed therapeutic program and
results showed that across all users, the moderate dosage
group (more than 40 min per week) achieved greater
performance gains compared to medium (15-40 min per
week) and low (0-15min per week) dosage groups. A
similar trend was noted between the medium and low
dosage groups. Thus, our results show that performance
gains are greater for users who practice a greater average
amount. One possible further research direction could be
link in-app
performance gains with real-world improvement.

suggesting a new evaluation metric to
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Technological progress in digital therapeutics—and, in particular prescription
digital therapeutics (PDTs)—has outpaced the processes that the Food and Drug
Administration (FDA) uses to regulate such products. Digital therapeutics have
entered the health care ecosystem so rapidly that substantial misunderstandings
exist about how they are evaluated and regulated by the FDA. This review briefly
explains the relevant regulatory history of software as medical devices (SaMDs)
and reviews the current regulatory landscape in which prescription and non-
prescription digital therapeutics are developed and approved for use. These are
important issues because PDTs, and digital therapeutics in general, are an
explosively growing field in medicine and offer many advantages over
conventional face-to-face treatments for the behavioral dimensions of a wide
range of conditions and disease states. By allowing access to evidence-based
therapies remotely and privately, digital therapeutics can reduce existing
disparities in care and improve health equity. But clinicians, payers, and other
healthcare stakeholders must appreciate the rigor of the regulatory frameworks
within which PDTs are approved for use.

KEYWORDS

digital therapeutics, prescription digital therapeutics, food and drug administration,
regulatory reform, FDA, software as a medical device (SaMD)

Introduction

As in practically every other sphere of life, medicine in the past two decades has become
ever more digitized. At every level, from the conduct of wholly remote digital clinical trials to
the use of digital diagnostic tools and, increasingly, the use of digital therapeutics (whether
prescription or non-prescription) to treat serious disease states, digital technologies are
transforming healthcare. The expanded use of digital therapeutics has been fueled by the
ever-increasing prevalence of chronic or difficult-to-treat conditions such as mental health
conditions, substance use disorders, insomnia, and lower back pain as well as by acute
shortages of providers who are skilled in delivering the behavioral therapy components of
care that are so often critical to patient recovery.

But, in part because of the speed with which prescription digital therapeutics (PDTs)
have entered the health care ecosystem, some uncertainty exists about how rigorously
these devices are evaluated and exactly how they are currently regulated by the Food and
Drug Administration (FDA). Torous et al, recently outlined how regulatory approaches
can improve innovation in digital devices (1). This perspective expands on this theme,
explaining the history and current regulatory landscape in which digital therapeutics are
approved for use and will examine the ways the FDA is adapting to this new paradigm.
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The evolution of software regulation

The 1976 Medical Device Amendments to the Food, Drug, and
Cosmetic Act requires that FDA regulate products intended to
diagnose, treat, and/or manage disease. After 1987, FDA was
fully aware of the potential role of computers and software in
healthcare when it published its “Draft Policy on the Regulation
of Computer Products.” This document provided guidelines
about which software products were regulated as medical devices
and which were exempt from regulatory controls such as
premarket notifications. Specifically, the guidance stated that the
following software was not subject to registration, listing and
premarket notification (i.e, FDA authorization): (1) general
purpose articles, (2) computer products manufactured by
licensed practitioners for use in their practice (3) computer
products used in teaching and non-clinical research, and (4)
computer products which provide opportunity for competent
human intervention. The guidance further stated that the
following computer products would require notification to FDA
prior to marketing: (1) computer products excluding competent
human intervention and (2) substantially equivalent computer
products. Computer products that do not meet any of the other
criteria would be subject to premarket approval (see section
“FDA pathways for digital technologies”). A 1989 draft policy
“FDA  Policy for the Regulation of Computer
Products,” reiterated the 1987 draft and was the agency’s

statement,

operational policy for almost 20 years (2).

In the years since, and particularly in the last decade, there has
been a proliferation of consumer industry healthcare apps that were
never considered in the original software policies. In addition, the
sheer volume and diversity of the products and manufacturers has
seemingly been daunting to FDA. FDA attempted to clarify the
kinds of software it would regulate in the draft Mobile Medical
Applications (MMA) guidance document published in 2013 and
updated twice in 2019 (3). The 2019 guidance was updated to
reflect the issuance of the final rule, “Medical Devices; Medical
Device Classification Regulations To Conform to Medical
Software Provisions in the 21st Century Cures Act” (86 FR
20278) and the guidance “Clinical Decision Support Software”
(referred to as CDS guidance throughout the rest of this
document) issued on September 28, 2022. This guidance
excluded from regulation certain low-risk software that met the
definition of a medical device, although certain quality-related
activities were recommended for manufacturers.

FDA and industry seemed to be moving towards a common
ground of using a risk-based approach to regulating software.
Meanwhile, Congress was watching this evolution closely, and in
December 2016, Congress passed the 21st Century Cures Act (4).
Among other changes, the Cures Act redefined “medical device”
to exclude certain types of software such as medical device data
systems (e.g., a device intended to transmit, receive, display, or
convert without changing, data from a medical device). Many of
the software types excluded from regulation were consistent with
FDA’s present risk-based approach and aligned closely with the
MMA Guidance. The Cures Act also clarified that FDA was not
permitted to review parts of a software system that were not
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regulated, although the boundaries of this system would be
dependent on the manufacturer’s risk assessment. FDA has since
published a flurry of guidance documents attempting to clarify
their evolving interpretation of the Cures Act (3, 5, 6).
Specifically, these guidance documents attempted to clarify (1)
what types of clinical decision support the FDA would and
would not regulate, (2) what types of medical device functions
FDA would and would not regulate, and (3) what information
FDA would expect to see in a submission for regulated medical
device functions.

FDA has also been examining the way in which it works with
digital health companies. The Digital Health Center of Excellence
(DHCoE) was created within the Center for Devices and
Radiological Health (CDRH) to lead efforts to catch up with the
digital revolution (7). The DHCoOE takes a strategic view of
digital health devices, ie., by working broadly with the FDA,
other agencies, and external stakeholders to address regulatory
approaches as opposed to simply producing guidance documents
regarding specific technologies or processes related to approval or
product-specific efforts.

The FDA currently regulates digitally-delivered treatments that
meet the definition of software as a medical device (SaMD) (8).
SaMD is defined by the International Medical Device Regulators
Forum as “software intended to be used for one or more medical
purposes that perform these purposes without being part of a
hardware medical device” (9). The “medical purposes” include
the diagnosis, mitigation, treatment, or prevention of disease. In
the United States, SaMD products are primarily regulated
through the traditional approaches used to approve low-to-
moderate-risk medical devices (i.e., devices that pose a low-to-
moderate risk of harm to patients as a result of using a device).

FDA pathways for digital technologies

SaMD products, like all medical devices, are evaluated for their
perceived potential risk to patients and are assigned to one of three
classes: Class I (low risk); Class II (moderate risk); and Class III
(high risk) (10). Class II devices require general regulatory
controls (i.e., broad requirements for provision of information to
users), and often special regulatory controls, such as a requirement
for clinical data specific to a product in order to provide
reasonable assurance of safety and effectiveness or to demonstrate
substantial equivalence to a predicate device (11). Class III devices
require general controls as well as premarket approval.

Although the first FDA-authorized PDTs were authorized as
Class II devices based on their indications (requiring special
controls) (11), different digital therapeutics may end up in
different risk classes based on their area of treatment (12-14).
The Code of Federal Regulations (CFR) lists a variety of
regulations regarding computerized therapies that are unique to
the diseases that a particular SaMD product is designed to treat.
The regulations, therefore, are “fit for purpose.” As an example,
SaMDs follow the
requirements for Computerized Behavioral Therapy device for
psychiatric disorders (21 CFR 882.5801) (15), while SaMDs for

developed for psychiatric disorders
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gastrointestinal conditions are categorized and follow the
requirements for Computerized Behavioral Therapy device for
treating symptoms of gastrointestinal conditions (21 CFR
876.5960) (16). FDA looks not only at past decisions but
considers the specific circumstances involved in each approval.

Importantly, Class II devices generally include special controls. For
example, FDA might specify requirements around labeling or clinical
data to satisfy questions of safety and effectiveness (11). Some existing
PDT authorizations specify the requirement for subsequent products
to include clinical data, which are necessary to provide reasonable
assurance of safety and effectiveness (12, 13, 17-19).

Once any kind of digital treatment has been evaluated in one or
more clinical studies (e.g., randomized controlled trials) the data
and formal requests for authorization are submitted via one of
two FDA pathways, each with regulatory and evidence-based
requirements:

o The de novo pathway, which requires clinical data demonstrating
the safety and effectiveness of the device (20). Devices authorized
via this pathway can then serve as “predicates” for other devices.

o The 510(k) clearance pathway, which requires the submission of
clinical data demonstrating substantial equivalence in terms of
safety and effectiveness to a predicate product authorized
either via the de novo or another 510(k) pathway (21).

Both pathways involve the submission of detailed data reports and
product descriptions that inform the creation of patient and
clinician labeling/instructions for use if the product is authorized.

Work is underway to create a dedicated FDA regulatory
framework for SaMD products such as PDTs that reflects the
unique attributes of these devices. For example, unlike
pharmaceuticals, SaMD products can be frequently updated
following FDA authorization, and products relying on artificial
intelligence as a component of treatment may “learn” or change
how their algorithms perform over time.

In 2017, the FDA announced the Software Precertification Pilot
Program, which, it is hoped, will provide more streamlined and
efficient regulatory oversight of software-based medical devices
developed by manufacturers who have demonstrated a robust
culture of quality, organizational excellence, and willingness to
monitor their products once they reach the market. Nine
companies have participated in the pilot program and have
committed to reviewing real-world performance of their products
to ensure patient safety and product quality (22).

The proposed approach looks first at the digital health
technology developer, rather than solely at the product, which is
the current focus of traditional medical device regulations. The
new processes seek to accommodate the rapidity with which
software products can respond to glitches, adverse events, and
other safety concerns. In the Pre-Cert program, the FDA is
proposing that software products from authorized companies
would continue to meet the same safety and effectiveness
standard that the agency expects for products that have followed
the traditional path to market. FDA released a final report on
this program in September 2022 (23). The report concluded that
FDA could implement some changes under present authorities
but would need legislative changes to implement others.
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Prescription digital therapeutics

Digital treatments, like other therapeutic products, may be
prescription or non-prescription. Prescription products require
initiation by a licensed healthcare professional, as governed by
state-level health authorities. The stipulation for prescription is
based on review of the product and a variety of factors by FDA.
Prescriptions may be required for the treatment of serious
disease, the use of higher-risk devices, the need for a secure
diagnosis by a trained clinician, monitoring and follow-up to
determine appropriate response, and/or to compare treatment
options to determine optimal treatment approaches.

PDTs are software-based treatments delivered on smartphones
or tablets that address the behavioral dimensions of many diseases
and conditions (8). The first FDA-authorized PDT to make
treatment claims was reSET® (to treat patients with substance
use disorders) in 2017 (17, 24). This new class of therapy is
expanding rapidly, in terms of coverage by payors and overall
market size. In January 2022, a Research and Markets analysis
valued the 2021 global market for digital therapeutics at $3.35
billion and estimated it would reach $12.1 billion by 2026 (25, 26).

While the first software-based therapeutics were PDTs, non-
prescription digital treatments are similar and some of these have
received FDA market authorization (14, 24). For example, the
non-prescription Natural Cycles (27) software application that
lets women track their menstrual cycles was approved via the de
novo pathway as a Class II device, while another non-
prescription menstruation tracker, Clue, was authorized via the
510(k) pathway using Natural Cycles as a predicate device (28).

Unlike health and wellness apps, PDTs specifically treat
diseases and, therefore, are regulated by FDA and categorized as
Class II devices. Although PDTs, and digital therapeutics in
general, are technologically different from traditional medical
devices, they are currently reviewed and authorized by CDRH
using regulatory pathways and processes that have not always
been aligned with the rapid, dynamic, and iterative nature of
treatments delivered as software.

In some cases, PDTs may be intended to be used alongside
standard of care pharmacotherapy. In such cases, such as reSET-
O®, which is intended to be used alongside the pharmacotherapy
buprenorphine, both FDA’s CDRH and the Center for Drug
Evaluation and Research (CDER) review and provide input, even
if CDRH was the primary review center (12). We are already
seeing expansion of drug/software combination products that
may be regulated as drugs with CDER as the primary review
center and CDRH as the consulting center.

Patient safety, trust, and transparency
for public health

FDA has recognized for decades that software is not risk free.
Software can result in adverse events, mistreatment, lack of
treatment, or other errors across many disease areas (29, 30). It
is appropriate, therefore, that FDA regulates software that carries
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risk under their risk-based framework to protect public health.
stakeholders
organizations, clinicians, and developers, have a responsibility to

Organizations and including payers, provider
their patients to use products that are safe and effective.
Maintaining trust and transparency is critical for patients and
public health. Developers’ compliance with FDA regulations and
best practices is critical to maintain trust and transparency, and
reduce the risk of harm. The vast majority of consumer medical
apps are not regulated by FDA because these products are,
presumptively, only intended to help individuals maintain
general fitness, health, or wellness, and do not meet the
definition of a medical device as defined above. In the authors’
opinion, it is important that FDA continue to enforce the line
between regulated and unregulated products to protect patients
and maintain trust for the benefit of public health (29, 30).

Discussion

The Pre-Cert program and the Digital Health Center of
Excellence mentioned previously are examples of the kinds of
changes that can create FDA regulatory frameworks aligned with
different
responsibility, authorization efficiency, and clear labeling for
stakeholders. The rise of FDA-regulated digital therapeutics has
spurred regulatory evolution and provides experience to support

product types to improve transparency, clinical

further refinement and richness in FDA regulatory frameworks
that balance risk and speed of bringing effective treatments to
market, while maintaining public health. FDA, policymakers,
research experts, and developers, must work together to make
FDA policies related to digital therapeutics as nimble, flexible,
and dynamic as the technologies themselves. However,
reasonable and flexible regulation only works with responsible

enforcement by FDA and compliance by the industry.
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A CBT-based mobile intervention
as an adjunct treatment for
adolescents with symptoms of
depression: a virtual randomized
controlled feasibility trial
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Jessica E. Flannery®, Gabriel S. Strauss®, Elise M. Vierra®,
Xin L. Koepsell*, Jessica |. Lake®™ and Aarthi Padmanabhan®

'Research Department, Limbix Health, San Francisco, CA, United States, 2Science Department, Limbix
Health, San Francisco, CA, United States, *Product Department, Limbix Health, San Francisco, CA,
United States, “Content Department, Limbix Health, San Francisco, CA, United States

Background: High rates of adolescent depression demand for more effective,
accessible treatment options. A virtual randomized controlled trial was used to
assess the feasibility and acceptability of a 5-week, self-guided, cognitive
behavioral therapy (CBT)-based mobile application, Spark, compared to a
psychoeducational mobile application (Active Control) as an adjunct treatment
for adolescents with depression during the COVID-19 pandemic.

Methods: A community sample aged 13-21, with self-reported symptoms of
depression, was recruited nationwide. Participants were randomly assigned to
use either Spark or Active Control (Ngpark =35, Nactive controt = 25).
Questionnaires, including the PHQ-8 measuring depression symptoms,
completed before, during, and immediately following completion of the
intervention, evaluated depressive symptoms, usability, engagement, and
participant safety. App engagement data were also analyzed.

Results: 60 eligible adolescents (female = 47) were enrolled in 2 months. 35.6% of
those expressing interest were consented and all enrolled. Study retention was
high (85%). Spark users rated the app as usable (System Usability Scalemean =
80.67) and engaging (User Engagement Scale-Short Formpmean = 3.62). Median
daily use was 29%, and 23% completed all levels. There was a significant
negative relationship between behavioral activations completed and change in
PHQ-8. Efficacy analyses revealed a significant main effect of time, F =40.60, p
<.001, associated with decreased PHQ-8 scores over time. There was no
significant Group X Time interaction (F=0.13, p=.72) though the numeric
decrease in PHQ-8 was greater for Spark (4.69 vs. 3.56). No serious adverse
events or adverse device effects were reported for Spark users. Two serious
adverse events reported in the Active Control group were addressed per our
safety protocol.

Conclusion: Recruitment, enrollment, and retention rates demonstrated study
feasibility by being comparable or better than other mental health apps. Spark
was highly acceptable relative to published norms. The study's novel safety
protocol efficiently detected and managed adverse events. The lack of
significant difference in depression symptom reduction between Spark and
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Active Control may be explained by study design and study design factors. Procedures
established during this feasibility study will be leveraged for subsequent powered clinical
trials evaluating app efficacy and safety.

Clinical Trial Registration: https://clinicaltrials.gov/ct2/show/NCT04524598
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cognitive behavioral therapy, digital therapeutics, adolescent depression, feasibility, mHealth, mental
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1. Introduction

Depression, a highly prevalent mental health disorder among
adolescents, is a growing crisis within the US (1, 2). Depressive
episodes and symptoms affect up to 26% of adolescents annually,
with depression and suicide rates rising sharply in recent years
(1). Adolescent

including impairments in academic and work performance and

depression has far-reaching consequences
social and family relationships, substance use, and exacerbation of
other health conditions (3-6). Adolescent depression places
significant economic burdens on the US healthcare system, with
higher medical costs than those of almost any other adolescent
mental health condition (7, 8). The COVID-19 pandemic
disrupted the daily lives of adolescents around the globe, and it is
estimated that global prevalence of depression symptoms amongst
adolescents doubled as a result (9). With the demand for mental
healthcare likely to continue increasing in coming years, the
development of effective and accessible treatment options, such as
digital interventions, is critical to reducing youth depression.
Despite high prevalence rates of depression, up to 80% of
adolescents do not receive mental health treatment when necessary
(10, 11). There are many reasons that adolescents do not receive
adequate mental health care in times of need. First, social stigma
surrounding mental healthcare causes adolescents to be hesitant to
seek treatment (12). Additionally, limited access to effective mental
health care means that those who do seek treatment are often
unable to access it in times of need; because there is a nationwide
lack of availability of speciality-trained clinicians, especially in rural
areas, and mental health providers often get referrals from a variety
of sources (primary care physicians, schools, self-referral) (13-15).
Cost is also a barrier, with 11% of the population not seeking
therapy because it is not covered by insurance, and an even bigger
barrier for low-income individuals, with 30% of Medicaid patients
reporting cost as an obstacle (16, 17). Finally, individuals who can
afford treatment often do not have the time or ability to devote to
weekly therapy, due to caregivers employment commitments,
school and after-school activities, or other responsibilities (18).
Digitally-delivered health interventions for mental illness
address these barriers by providing private, accessible, cost-
effective, and convenient means of treatment that can also
increase engagement and self-disclosure due to lessened
stigmatization (19-22). Critically, such interventions can serve as
a first line of defense for treatment, eliminating wait times to
access treatment and reducing high economic costs associated
with traditional in-person psychotherapy. They are also available
on demand so intervention sessions can be completed at the
adolescent’s convenience, and can be split into smaller sections
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of time, which may allow them to more readily fit into a daily
routine. Digital treatments via mobile application hold particular
promise as a widely-accessible treatment for adolescent mental
illness— as adolescent smartphone ownership in the United States
increased to 95% in 2018 (23). 45% of teens describe their
internet use as “near constant” with around 9 in 10 teens
reporting that they go online multiple times per day (23). The
nearly universal use of smartphones within the U.S., which
persists regardless of gender, race, ethnicity, and socioeconomic
background, makes it a powerful tool to increase accessibility to
mental health interventions (24). Therefore, digital technologies,
such as mobile applications, could be leveraged to fill the
depression treatment gap.

Cognitive-behavioral therapy (CBT) is a therapeutic approach
that can be implemented in the context of digital therapeutics,
which “deliver evidence-based therapeutic interventions that are
driven by high quality software programs to prevent, manage, or
treat a medical disorder or disease”(25). It is used for the
prevention and treatment of depression in children and
adolescents and is a recommended form of treatment by the
American Academy of Pediatrics (26). Digital forms of CBT have
been shown to be effective in the treatment of anxiety and
depression in youth (27). Behavioral activation (BA), a core CBT
skill that has been shown to be effective in conjunction with
other CBT skills, like cognitive restructuring, or as a standalone
treatment, is an activity performed so that the patient 1)
increases engagement with adaptive and contextually relevant
activities that induce feelings of mastery or pleasure, 2) advances
their personal goals using a combination of motivational
self-

monitoring, and 3) reduces harmful and avoidant behaviors that

strategies, reward-seeking, natural reinforcers, and
often manifest during depressive episodes (28). BA-specific
therapy is a successful method across multiple durations of
treatment for treating depression in adolescents (29). Given that
BA is individually paced, self-driven, and self-monitored, it can
be easily delivered digitally, which may be appealing to depressed
youth who have limited access to or lack of interest in traditional
care. Recent evidence suggests that behavioral aspects of CBT are
as effective as cognitive approaches in reducing depressive
symptoms in youth and may mechanistically drive symptomatic
reduction in CBT (30-32). A digital BA program for adolescent
depression represents an exciting new direction for treatment. BA
is a component of CBT treatment that emphasizes the
connection between mood and behaviors. It has been shown to
be successful when used in conjunction with other CBT skills,
such as cognitive restructuring, but also when used as its own

treatment, particularly for adolescents (33-36).
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Digital applications of CBT are well supported as a comparable
and effective alternative to traditional CBT (37). Computer-based
CBT has been associated with significant effects on symptoms of
depression in adolescents and growing evidence supports self-
guided, smartphone based-apps as a promising treatment option
for depression (38). While digital mental health interventions are
an effective way to increase accessibility to proper mental health
care, there remains a lack of digital treatment options for
adolescents. To our knowledge, there are no digital therapeutics
designed to treat adolescent depression approved by the FDA
and the current study is the first feasibility trial for a digital
therapeutic in adolescents. This digital BA program was designed
to address the need for both accessible and evidence-based
treatment for adolescents amidst a growing mental health crisis.
The current research aimed to investigate the feasibility of a
novel CBT-based mobile-app to treat adolescent depression.

This feasibility study was initiated during the COVID-19
pandemic as a means to provide accessible mental health
resources to adolescents. The purpose of this randomized
(RCT) was to assess the feasibility and
acceptability of a 5-week, self guided CBT-based mobile app

controlled trial

program primarily focused on BA (Spark v2.0, hereafter referred
to as Spark), compared to an active psychoeducational control
(Active Control) for
adolescents with symptoms of depression. Study’s primary aims

condition an adjunct treatment of
included evaluating (1) study feasibility, based on recruitment
rate, enrollment rate, and retention rate of participants, (2)
acceptability of the app for the target population, based on
usability (as evaluated by Systems Usability Scale [SUS] and
post-intervention questionnaire responses) and engagement (as
evaluated by the User Engagement Scale—Short Form [UES-SF])
and (3) the feasibility of a novel protocol for monitoring
participant safety during a fully decentralized virtual clinical trial
of a digital intervention, based on the rate of total number of
clinical concerns identified in each group. A fourth (4) aim,
considered a secondary aim, was to evaluate the preliminary
evidence of clinical efficacy, exploring the differences in PHQ-8
score for each group over time, differences between groups in
additional aspects of mood and health (Mood and Feelings
Questionnaire [MFQ], Patient Reported Outcomes Measurement
Information System—Pediatric [PROMIS—Pediatric], General
Anxiety Disorder -7 [GAD-7] and Brief Resilience Scale [BRS]),
and safety, determined by measuring the number of ADEs, SAEs,
and UADEs identified in each group. The current study
hypothesized that leveraging engaging mobile technologies would
result in high treatment engagement, and preliminary evidence of
clinical efficacy.

2. Materials and methods
2.1. Eligibility
Participants were eligible for the study if they 1) were between the

ages of 13 and 21; 2) had self-reported symptoms of depression; 3)
were residing in the USA for the duration of the 5-week study; 4)
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were under the care of a US-based primary care and/or licensed
mental healthcare provider and willing to provide their provider’s
contact information (to contact them in case of a concern for
participant safety); 5) were fluent and literate in English and had a
legal guardian (if under 18 years of age) who was fluent and
literate in English; 6) had access to an eligible smartphone (ie. one
capable of downloading and running the digital therapeutic,
meaning a iPhone 5s or later or running Android 4.4 KitKat or
later); 7) had regular internet access (i.e., access to internet either
within their home, school environment or other locations on a
daily basis, with no planned time without regular internet access
during the intervention period); and 8) were willing to provide
informed e-consent/assent and had a legal guardian willing to
provide informed e-consent (if under 18 years of age). The criteria
that required participants to be under the care of a US based
primary care and/or licensed mental healthcare provider was
included to 1) evaluate the feasibility of the Spark app as an
adjunct treatment for depression, and 2) to manage participant safety.

Participants were ineligible if they self-reported 1) a lifetime
suicide attempt, 2) active self-harm, 3) active suicidal ideation
with intent, or 4) a prior diagnosis by a clinician of bipolar
disorder, substance use disorder, or any psychotic disorder
including schizophrenia, or 5) if they were incapable of
understanding or completing the study procedures or the digital
intervention as determined by the participant, legal guardian,
healthcare provider, or the clinical research team.

If participants were under the age of 18 and not determined to
be legally emancipated, legal guardians were required to be
involved in study procedures, including taking part in the initial
onboarding session,

providing consent, completing weekly

questionnaires and receiving study correspondence when
necessary.

Of note, the age range of 13-21 for study recruitment presents
the variable adolescent period across individuals and is generally
thought to extend through the second decade and into the third
decade of life, roughly defined by the onset and completion of
pubertal maturation as well as other psychosocial, socio-
emotional, and cultural factors (39, 40). In the context of
medical devices, including digital therapeutics, the US Food and
Drug Administration (FDA) defines adolescence as between the
ages of 12 and 21. Depression is also highly prevalent across this
entire age range (41). As such, the goal of the current study was
to assess feasibility of Spark as a digital therapeutic adjunct
treatment for adolescent depression symptoms in this age range.
We did not include those who were 12 years old due to
Children’s Online Privacy Protection Act (COPPA) restrictions

for mobile applications in children under the age of 13.

2.2. Procedures

2.2.1. Participant recruitment

Participants were recruited via online paid advertising on social
media platforms, such Facebook and Instagram, and word of
mouth. Paid advertisement campaigns were targeted towards
13-21 year-olds and the legal guardians of 13-17 year olds who
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were located within the US and English-speaking. After seeing and
clicking on an advertisement, participants and/or legal guardians
were directed to a landing page where they received an overview
of the study and reviewed the presented eligibility criteria. If they
determined themselves or their child eligible, they clicked on a
link to schedule a consent appointment.

No formal power calculations were conducted to determine
sample size. A target sample size of sixty was determined to be
sufficient to evaluate feasibility, usability, and preliminary
evidence of efficacy (42). This target sample size accounted for a
predicted attrition rate of 20%-30% based on previous studies of
digital CBT-based interventions for adolescent mental health
(43-45). Recruitment was completed in two months, beginning
July 23 2020, and ending on September 29 2020.

2.2.2. Consent and Pre-intervention

This study was reviewed and approved by the Western
Copernicus Group (WCG) Institutional Review Board (IRB)
(ethical approval ID: WIRB® Protocol #20201686) with an
abbreviated investigational device exemption for non-significant
risk devices and was registered on clinicaltrials.gov
(NCT04524598). This study was Phase I in two phases of clinical
testing. In Phase II, a larger-scale RCT was conducted to evaluate
the efficacy and safety of Spark, following product updates made
as a result of Phase I study findings. These results will be
reported elsewhere. The consent and onboarding process was
completed via video conferencing, using the HIPAA-compliant
Google Meet video-communication service, between a clinical
research coordinator, the participant, and the participant’s
consenting guardian (if under 18). All participants provided
written electronic informed consent, if over the age of 18, or
assent, if under the age of 18. Written guardian informed
consent was obtained from those under 18 years old.

After providing informed consent, participants and legal
guardians were screened for eligibility, which involved the
coordinator reviewing the criteria and the participant verbally
confirming their eligibility. If the participant was under 18 years
old, legal guardians were asked to leave the room while
participants confirmed eligibility in order to provide the
participant with a private setting to discuss sensitive topics,
including self-harm and suicide/suicidal ideation. Afterwards,
legal guardians returned to confirm their child’s eligibility.
Following the standard practice for health care providers, the
research coordinators informed all participants about the limits
of confidentiality, including the circumstances in which
information related to safety risk would be shared with others. In
clinical work with minors under the age of 18, these discussions
involve what information will be shared with legal guardians. It
is expected that information related to potential safety risk of
minors would be shared with legal guardians so that appropriate
services could be sought. We therefore expect a similar level of
accuracy in reporting self-harm or suicide/suicidal ideation as
what would occur in standard practice. Participants that met
eligibility criteria during the onboarding session then used a web
portal to fill out baseline questionnaires, including the Patient
(PHQ-8)  (46),

Health  Questionnaire-8 which  measures
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symptoms of depression (see Questionnaires below). Baseline
questionnaires took approximately 10-20 min to complete.
Participants that met eligibility criteria were randomly assigned
to the Spark or the Active Control group with a 1:1 ratio, using a
fully random algorithm for randomization. Participants were
guided by the coordinator to download the app and create an
account. Once the participant logged in, they saw whether they
had been randomized to Spark or the Active Control. Neither
participants nor study staff were blinded to the assigned study
condition. Participants and legal guardians were also provided
with mental health resources and a safety plan (47) that could be
completed in their own time.

2.2.3. Five week intervention

Participants in both Spark and Active Control groups
had access to their assigned app for a 5 week intervention
period. All participants completed two weekly questionnaires in
the app: 1) the PHQ-8 about their depression symptoms, and
2) an adverse events questionnaire (AEQ) about their safety (see
Questionnaires below). These questionnaires took approximately
10-20 min to complete. Automated app notification reminders to
complete these questionnaires were sent to participants. Legal
guardians completed an AEQ on a weekly basis via a web portal.
Both participants and legal guardians had access to their weekly
questionnaires for seven days. Reminders were sent the day after
the participant or legal guardian did not complete a weekly set of
questionnaires, with a warning that participants would be
withdrawn if they did not complete the AEQ questionnaire due
to being unable to monitor their safety. If a participant did not
complete the weekly questionnaires two weeks in a row, they
were emailed that they will be withdrawn from the study. Both
emails were templated.

2.2.3.1. Spark group

The treatment intervention, Spark (v2.0), was a 5-level, interactive
program. Our program was modeled on evidenced based treatment
(EBT) protocols for behavioral activation (35, 48-52), particularly
for adolescents. Following those EBTs, we retained the same
therapeutic ingredients: 1) an introduction to the BA model
2) getting active and charting progress (including focus on BAs,
tracking mood and behavior, and identifying activities that align
with users values), 3) skill building and addressing barriers and
avoidance (includes sessions on problem solving, goal setting,
and identifying barriers that can get in the way of accomplishing
goals), 4) practice (includes practice and consolidation of skills),
5) moving forward/planning for continued activation (includes
review of treatment gains, and relapse prevention strategies). This
version of our intervention built upon the previous version of
the app called Spark (v1.0) (53). User experience data from post-
study interviews, from a previous study of an earlier version of
Spark, was used to inform the design of the version of the Spark
app used in this study. Levels in the app progress in a linear
fashion; participants had to complete each task before they could
progress onto the next task. Each level was designed to take less
than 60 min and participants were recommended to complete
one level per week, though they could progress at their own
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pace. Participants were guided through the program by a character
called “Limbot.” This character encourages the user to complete the
program and provides personal examples of how they have
undertaken behavioral activation therapy. In level 1, participants
completed onboarding and learning tasks. During onboarding,
they received a tutorial on the app interface and a description of
the BA program. The first learning task included information
about the behavioral (BA) model of depression, focusing on the
relationship between mood and behavior, and how it can lead to
a downward cycle of depression. Next, participants learned about

10.3389/fdgth.2023.1062471

breaking the cycle of depression by changing behavior. They
received information about how completing activities that align
with their values can help the activities be more effective at
improving their mood. Participants identified values that were
important to them (54). At the end of lesson 1, participants were
taught how to schedule activities centered around their
previously identified values and were given a walkthrough
tutorial of the activities tab. Level 2 through Level 5 focused on
activity scheduling and review. Participants were asked to

schedule activities within the app and then complete those

Signs & Symptoms

What are the signs and
symptoms of depression?

Sadness is something we all

experience. It is a normal reaction Onboarding
to aloss or a setback, but it usually
passes with a little time. Depression

is different

Mood & Behavior Part Two

The first step is recognizing
your patterns

I'd like to help you identify common
feelings and behaviors that you
experience. Let’s walk through the

diagram together

Avoidance

Feelin:
i Behaviors

FIGURE 1
Examples of screens from the Active Control (A) and Spark (B) apps

LESSON 1

What is Depression?

What is depression?

Additonal Readings

Mood & Behavior 2

What is Depression?

Signs & Symptoms

How Depression is
Treated

Staying Healthy
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activities outside of the app. Participants were encouraged to log
into the app and reflect on the activity that they completed,
answering questions about how the activity aligned with their
selected values (Lesson 1) and how it made them feel. If
participants did not complete their scheduled activity, they were
asked questions that encouraged them to reflect upon the
roadblocks they encountered and how they can combat them in
the future. At the end of each level, participants received
acknowledgement from the Limbot character and learned about
the goal for the next level. Crisis resources could be accessed in
the app at any time. See Figure 1 for an illustration of the app
interface.

2.2.3.2. Active control group

The Active Control was an app containing educational content
related to symptoms and treatments for depression, healthy
habits and resources. The content was largely based on the
NIMH Teenage Depression ebook (55). It did not include CBT
or BA components. Participants did not have the ability to enter
free form text in the app. The Active Control was designed to be
similar to Spark in duration, and modality of delivery and
contained five lessons. Content in the Active Control app was
not gated; it was possible to access later lessons without having
reviewed earlier lessons. See Figure 1 for an illustration of the
interface.

2.2.4. Post-Intervention

After the 5-week intervention period, participants and their
legal guardian were emailed links to complete post-intervention
self-report assessments, which took approximately 10-20 min to
their
reminders to complete their assessments if they did not complete

complete. Participants and legal guardian received
the questionnaires after one week of being granted access. These
emails were templated. Participants who did not complete the
post-intervention assessments within 4 weeks from the end of
the intervention period lost access to their assessments at that
time and were considered lost to follow up. Participants were
compensated $25 in the form of an electronic gift card for
completing the post-intervention assessments regardless of app

usage.

2.2.5. Post-Intervention interviews

Select participants and legal guardians were invited to
product feedback.
Participants were selected to take part in these interviews based

participate in 1hour interviews for
on different factors including age, geographic location, and
level of app engagement. Participants were compensated $25 in
the form of an electronic gift card for participating. These data
are out of scope for this manuscript and are not discussed

further.

2.3. Safety protocol

During the study period, trained study staff followed a
rigorous safety protocol with study PI and clinician oversight.
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Clinical concerns that arose at any time during the study were
logged. Clinical concerns were defined as any potentially
concerning information reported during the trial that indicated
a potential risk to health in the past, present, or future, or that
signaled abuse. Clinical concerns were identified through four
channels:

o Text entered within the Spark app identified by a research
coordinator as concerning (defined by the safety protocol)

o Deterioration of symptoms of depression, defined as a PHQ-8
score > 15 (moderately severe or higher) (46) and a >5 point
increase from baseline (56)

o Text in any questionnaire identified by a research coordinator as
concerning

« Spontaneously reported harm by participants or legal guardians,
including self-harm or abuse, during direct communication with
study staff or via email

Any clinical concern identified during the study triggered the
safety protocol, regardless of severity. The safety protocol
dictated that, during the onboarding session, if a participant
indicated that they were in immediate distress or danger, the
study coordinator would direct them towards emergency
services (e.g., the nearest emergency room or calling 911).
Otherwise if a clinical concern was identified in an
asynchronous context, or during the onboarding session but did
not require immediate referral to emergency services, it was
escalated to the study investigator. Study investigators reviewed
mild concerns weekly and moderate concerns within 24 h,
along with any other relevant information or safety data. The
study investigator would determine whether the clinical concern
required escalation to the study clinician based on criteria
established in the safety protocol and within 48 h the study
investigator would determine whether the participant was safe
and eligible to continue with the study, consulting with the
study clinician as needed. If the safety concern was related to
suicidality, the study investigator or clinician was trained to
administer the Ask Suicide-Screening Questions (ASQ) toolkit
(57). If the study clinician determined that the participant was
no longer eligible to continue with the study, or if the clinician
could not monitor safety due to not being able to reach the
participant or other listed contacts, the participant would be
informed, withdrawn from the study, and sent mental health
resources. Participants were also withdrawn from the study if
they did not complete the weekly Adverse Event Questionnaire
(Note: this

implemented in the second month of enrollment, as during this

for two consecutive weeks. procedure was
virtual and decentralized RCT we were otherwise unable to
determine participant safety).

After study completion, an internal clinician who was not
otherwise involved in the study, reviewed all clinical concern
data. Those that the clinician judged to be potential adverse
events were sent to an external clinician. These clinical concerns,
along with accompanying relevant safety data, were classified as
relevant as adverse events (AE), adverse device effects (ADE),

serious adverse events (SAE), and unanticipated adverse device
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TABLE 1 Definitions for external clinician categorization of adverse events
(AEs).

Adverse Event An adverse event (AE) is an untoward medical
occurrence, unintended disease or injury, or untoward
clinical signs (including abnormal laboratory findings)
in subjects (3.50), users or other persons, whether or
not related to the investigational medical device (3.29)
and whether anticipated or unanticipated. Note 1 to
entry: This definition includes events related to the
investigational medical device or the comparator
(3.12). Note 2 to entry: This definition includes events
related to the procedures involved.

Serious Adverse Events/Serious Adverse Device
Effects: An adverse event or adverse device effect is
considered serious if it meets any of the following
criteria:

o Is fatal;

o Is life-threatening, meaning, the participant was, in
the view of the investigator, at immediate risk of death

Serious Adverse Event

from the reaction as it occurred;

« Leads to persistent or significant disability/
incapacity, i.e., the event causes a substantial
disruption of a person’s ability to conduct normal life
functions;

« Requires or prolongs inpatient hospitalization;

o Is an important medical event, based on
appropriate medical judgment, that may jeopardize
the participant, or the participant may require medical
or surgical intervention to prevent one of the other
outcomes above.

Note 1: Planned hospitalization for a pre-existing
condition, or a procedure required by the CIP (3.9),
without serious deterioration in health, is not
considered a serious adverse event.

Note 2: Serious adverse device effect (SADE): adverse
device effect that has resulted in any of the
consequences characteristic of a serious adverse event.

Adverse Device Effect An adverse device effect (ADE) is an adverse event
related to the use of an investigational medical device.
This includes any adverse event resulting from
insufficiencies or inadequacies in the instructions for
use, the deployment, the implantation, the
installation, the operation, or any malfunction of the
investigational medical device. This also includes any
event that is a result of a user error or intentional
misuse. Note: For this study, ADEs may occur in
either the Spark or Active Control arms.

(UADEs, as defined in 21 CFR 812.3, also referred to
as “Unanticipated Problems”): Any serious adverse
effect on health or safety or any life-threatening

Unanticipated Adverse
Device Effect

problem or death caused by, or associated with, a
device, if that effect, problem, or death was not
previously identified in nature, severity, or degree of
incidence in the investigational plan or application;
OR Any other unanticipated serious problem
associated with a device that relates to the rights,
safety, or welfare of subjects.

effects (UADE) (58-60). Definitions used for adverse events
classification can be found in Table 1.

2.4. Questionnaires
Different measures were used to assess the characteristics of

the study population, general mood, depression and anxiety
symptoms, and overall health. All questionnaires were delivered
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TABLE 2 Baseline and post-intervention assessments for participants and
legal guardians were completed via a secure web portal. Weekly
participant assessments were completed in the mobile app. Weekly
parent assessments were completed via a secure web portal.

Baseline Weekly during Post-
the 5-week intervention
intervention

Patient Health X X X
Questionnaire (PHQ-8)*

Baseline Questionnaire- X

Participant*

Baseline Questionnaire- X

Parent*

Brief Resilience Scale X

(BRS)

Generalized Anxiety X X
Disorder (GAD-7)*

PROMIS Pediatric X X
Global Health Scale*

PROMIS Parent Proxy X X
Global Health Scale

Mood and Feelings X X

Questionnaire (Short
Parent Version)*
Adverse Events X X
Questionnaire-
Participant*
Adverse Events X X
Questionnaire- Parent*

Post-intervention X
Questionnaire-
Participant*

Post-intervention X
Questionnaire- Parent*

System Usability Scale* X

User Engagement Scale X
—Short Form*

*Indicates Questionnaires that were reported in this manuscript.

to both Spark and Active Control users. The schedule of
assessments can be referenced in Table 2.

2.4.1. Baseline demographics questionnaire

The Baseline Demographics Questionnaire was an internally
developed questionnaire that included demographic questions in
regards to the adolescent participant’s gender (i.e., male, female,
or gender non-binary), ethnicity, race, and age, questions about
prior and current treatment for depression and other mental
health disorders. Choice questions, with answer choices of “yes”
or “no” were used to evaluate whether the participant had been
diagnosed with depression or any other mental health, cognitive,
or developmental disorder, followed by a free-form text field
asking for details about any disorder, besides depression, with
which they had been diagnosed. A multi-select choice question
was used to evaluate previous or concurrent treatment for
depression, with a free-form text field provided if the participant
selected “Other” for forms of treatment. A free-form text field
was also provided, asking the participant to list all medication
they were taking when beginning the intervention. Separate
versions of the baseline demographics questionnaire were
completed by participants and legal guardians, where legal
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guardians completed questions about their education level, and
their child’s demographics, diagnosis and treatment.

2.4.2. Patient health questionnaire (PHQ-8)

The PHQ-8 consists of eight descriptive phrases of depressive
symptoms (61). Participants rated how often they were bothered
by any of those symptoms over the last fortnight; (0) Not at All;
(1) Several Days; (2) More than Half the Days; (3) Nearly Every
Day. Possible scores ranged from 0 to 24, with a higher score
indicating more severe depressive symptoms. This assessment
was delivered at baseline, weekly during the 5-week intervention
and post-intervention. Only the participant completed the PHQ-
8. Participants had a full week to complete each weekly PHQ-8
in app after the baseline PHQ-8. Participants had one month to
complete the post-intervention PHQ-8. The PHQ-8 is a well
established measure to both diagnose and assess the severity of
depressive disorders (62). Evidence supports the high internal
reliability of the PHQ-8 (Cronbach’s a=.89) and its high
construct validity, with the PHQ-8 score correlating strongly with
patient mental health (.73) (46).

2.4.3. Adverse event questionnaire (AEQ)

The AEQ was an internally developed questionnaire that
assessed consenting guardian- and participant-reported clinical
concerns. Participants and legal guardians were asked to rate
clinical concerns in terms of severity, on a scale of (0) Not at all
to (4) Extremely, to provide the start and stop date (if
applicable), and to indicate whether they believed the reported
concern was related to study intervention. This assessment was
delivered during the 5-week intervention and at post-
intervention. Separate versions of the AEQ were completed by

the participant and legal guardian.

2.4.4. Post-intervention questionnaire

The post-intervention questionnaire was developed internally
and administered at post-intervention including questions about
current treatment for depression and other mental health
disorders and any changes in treatment since baseline. The
questionnaire also asked whether participants and legal guardians
thought the program helped them, and questions evaluating
participant experience using the program as a whole. Mood
improvement was captured through the following question for
participants: “How much do you feel like this mobile app
improved your symptoms of depression?” and for parents: “How
much do you feel like this mobile app improved your child’s
symptoms of depression?”. Respondents indicated their response
using a 10 point scale (0 =Didn’t improve at all, 5=Moderately
Improved, 10 =Improved Completely). Participants and legal
guardians completed different versions of the post-intervention
questionnaire.

2.4.5. The system usability scale (SUS)

The SUS is a validated scale used to assess the usability of a
system originally developed by Brooke (63). It was modified for
use in this study to evaluate app usability at post-intervention. It
consisted of 10 questions about how easy it was to use the app
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(63, 64). Responses are given on a 5-point Likert scale from (0)
Strongly Disagree to (4) Strongly Agree. Item responses are
summed and multiplied by 2.5 such that final scores range from
0 to 100. A score above 68 is considered above average. Only the
participant completed the SUS. The SUS is supported as an easy
to administer yet highly reliable method (Cronbach’s a=0.911)
for measuring the usability of a product (65).

2.4.6. The user engagement scale short form
(UES-Sf)

The UES-SF has 12 questions about how engaging participants
found the app (66) and was delivered post-intervention. Responses
are given on a 5-point Likert scale from (1) Strongly Disagree to (5)
Strongly Agree. Item responses are averaged across all questions to
generate a general engagement score ranging from 1 to 5. Only the
participant completed the UES-SF. Data supports the UES-SF as a
statistically reliable scale that can effectively estimate full UES
scores (66).

2.4.7. Generalized anxiety disorder 7-item scale
(GAD-7)

The GAD-7 is a brief seven-item self-report measure of anxiety.
The scale has been found to be reliable and valid (67), and was used
to evaluate changes in anxiety given the high comorbidity between
anxiety and depression. The GAD-7 scale was delivered at baseline
and post-intervention. This assessment was delivered at baseline
and post-intervention. Only the participant completed the GAD-7.

2.4.8. PROMIS pediatric global health scale &
PROMIS parent proxy global health scale

These are 9-item measures that produce essentially a
unidimensional measure of global health perception/well-being’.
The PROMIS Parent Proxy Global Health Scale was written
parallel to the PROMIS Pediatric Global Health Scale to allow
consenting guardians to report on the perceived global health/
well-being of their child. These scales are supported as a brief and
reliable method to measure the global health status of children
(68, 69). Both scales start with 4 descriptive phrases paired with
scale of 5-1, asking the user to evaluate different aspects of their
global health perception/well-being; (5) Excellent, (4) Very Good,
(3) Good, (2) Fair, (1) Poor, followed by 3 questions with
descriptive phrases paired with a scale of 5-1; (5) Always, (4)
Often, (3) Sometimes, (2) Rarely, (1) Never; and two final phrases
paired with a scale of 1-5, (1) Never, (2) Almost Never, (3)
Sometimes, (4) Often, (5) Almost Always. Possible scores ranged
from 0 to 24, with a higher score indicating a lower quality of
life. The PROMIS scales were delivered at baseline and post-
intervention. The consenting guardian completed the PROMIS
Parent Proxy Global Health Scale 7+2 and the participant
completed the PROMIS Pediatric Global Health Scale.

2.4.9. Mood and feelings questionnaire short
parent version (MFQ-Ps)

The MFQ-PS was used to record change in parent-reported
depressive symptoms. The MFQ consists of 13 descriptive
phrases paired with scales rated 0-2; (0) True, (1) Sometimes, (2)
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Not True. Possible scores range from 0 to 26, with a higher the
score indicating the higher the likelihood the child is suffering
from depression, as reported by a consenting guardian. The
MFQ-PS was delivered at the baseline and post-intervention.
Only the consenting guardian completed the MFQ-PS. This scale
is supported as a brief and reliable method of evaluating
depressive symptoms (70).

2.4.10. Brief resilience scale (BRS)

The BRS is a 6 item self-report measure for assessing the
ability to “bounce back” or recover from stress. It has been
shown to be reliable and to measure a unitary construct (71).
The BRS was delivered at the baseline. Only the participant
completed the BRS.

A description of an additional exploratory questionnaire
(COVID questionnaire) administered during the study can be
found in the Supplementary Materials.

2.5. Analysis

2.5.1. Participant characteristics and feasibility
outcomes

Participant characteristics were evaluated per study arm and
for the full study sample. Chi-squared tests and two-sample ¢-
tests were used to evaluate significance of any group
differences, as appropriate. Study feasibility was evaluated as 1)
recruitment rate: the proportion of those who scheduled an
onboarding session out of those who expressed interest in the
study, 2) enrollment rate: the proportion of participants
enrolled in the study out of those who scheduled an
onboarding session and 3) retention rate: the proportion of
those who completed the post-intervention survey out of those
who enrolled in the study. Microsoft Excel was used to analyze

these data.

2.5.2. App acceptability: usability and engagement

App acceptability consists of app usability and engagement.
Usability was collected via the SUS and post-intervention
of SUS,
intervention questionnaire, and UES-SF scores were conducted

questionnaire. Exploratory comparisons post-

between the Spark and Active Control groups using
two-sample t-tests. Spark app engagement was collected via
self-report, the UES-SF, and app usage data. App usage data
included: (1) the percent of daily active users who used Spark
on each intervention day, along with the median percent of
daily active users across the full intervention period; and (2)
the percent of Spark participants who completed each of the
five levels of Spark, along with the percent of participants who
completed behavior activation activities. Daily active use was
defined as opening the app for any duration. Descriptive
statistics are reported for app usage. Finally, a correlation was
run to examine the relationship between post-intervention and
baseline PHQ-8 scores and the number of behavioral activation
activities completed. Microsoft Excel was used to analyze

these data.
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2.5.3. Study safety protocol feasibility

The number of total clinical concerns identified in each group
was evaluated. We used free-form text to identify clinical concerns
in the Spark group. We note that the Active Control group did not
have the ability to enter free-form text into the app. Therefore, we
report descriptive statistics about the total number of clinical
concerns captured for each group without direct comparison. We
report the sources of clinical concerns, the number of
participants that had clinical concerns escalated to the study
clinician, and the number of participants that had clinical
concerns that elicited clinician reachout to the participant. The
feasibility of capturing clinical concerns through a variety of
sources and of managing safety concerns in a fully virtual setting

was evaluated. Microsoft Excel was used to analyze these data.

2.5.4. App efficacy and safety

Differences in PHQ-8 scores for each group over time were
explored. Multiple imputation was used to account for missing
data points, excluding participants with only baseline scores.
First, analyses were conducted to determine if data were missing
completely at random and whether patterns of missing data
differed between groups. Little’s test (72) was used to determine
whether data were missing completely at random and a chi-
square test was conducted to identify whether there were
significant differences between groups in the proportion of
missing data across weeks. Because participants had seven days
to complete each weekly PHQ-8, the assumption that spacing
between the six timepoints was consistent across time and groups
was evaluated using a generalized linear mixed-effect model
(GLMM) with a 2-level PAN method (73) with numbers of days
since baseline PHQ-8 completion as the dependent variable. Main
effects of Group (Treatment vs. Active Control) and Week (six
Group x Week
interaction. Finally, to test for group differences in the change in

timepoints) were analyzed along with the
PHQ-8 scores over timean exploratory GLMM was conducted
using a 2-level PAN method and examined the main effects of
Group, Week, and the Group x Week interaction. Days between
successive PHQ-8 completions was included as a random-effect for
the slope at the individual level to control for irregular spacing
between questionnaire completion timepoints. Random effects also
included a participant-level intercept. As the primary objective of
this study was not to evaluate efficacy, this analysis was not
powered to detect significant group differences in PHQ-8 scores.
An exploratory analysis measured the change in PHQ-8 scores
between baseline and post-intervention for individuals with a
baseline PHQ-8 score > 10, consistent with moderate symptoms of
depression in both groups. Descriptive statistics are presented for
this analysis. R version 4.1.1 (2021-08-10) was used to complete
these analyses, and included using self-written code and the
following packages: Rmisc, reshape2, stringr, ggplot2 and ImerTest.

The standardized mean-difference effect size and 95%
confidence intervals were calculated for the MFQ, PROMIS
Pediatricc, GAD-7, and BRS measures using the Practical Meta-
Analysis Effect Size Calculator created by W. Lipsey and David
B. Wilson, 2001.
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FIGURE 2

The flow of participants through the study procedures, from expression of interest to efficacy analysis.

App safety was determined by measuring the number of ADEs,
SAEs, and UADEs identified in each group. Descriptive statistics
about the number of AEs, ADEs, and UADEs captured for each
group are reported. Microsoft Excel was used to analyze these data.

3. Results

3.1. Participant characteristics & feasibility
outcomes

Over two months, sixty eligible participants were enrolled in
the study. See Figure 2 for the CONSORT diagram. 421
participants expressed interest in the study via a web form, of
which 150 scheduled an onboarding session, representing a
35.6% recruitment rate. Of the 150 who scheduled an onboarded
session, 60 attended their onboarding session, were determined
to be eligible to participate, consented/assented and were
enrolled, representing a 40% enrollment rate. Of these 60
participants, 35 were randomized to the Spark arm and 25 to the
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Active Control arm. 51 participants completed the study
(Dspark = 30, Nactive Control = 21), representing a 85% retention rate
by post-intervention. Of those that did not complete the study, 3
participants (Ngpark = 1, Nactive Control = 2) Were withdrawn per the
safety protocol, due

to missing two consecutive weekly

questionnaires or safety events, and 6 participants were
considered lost-to-follow up (Ngpark=4, Nactive Control = 2) due to
not completing post-intervention questionnaires.

See Table 3 for participant characteristics. The sample
recruited, consisting of 13-21 year olds (ngpau=17.91 [2.36];
NActive Control = 16.96 [2.57]),was 78% female, which is consistent
with higher rates of depression in adolescent girls (74, 75). The
average PHQ score at baseline was 13.82, which is considered
moderate severity (46). The majority of participants (n=32,
53%) reported a depression diagnosis and 28 participants
(46.6%) reported that they were currently receiving treatment
The

participants (n=37, 62%) were over 18 years old in both

specifically for depression at baseline. majority of
conditions (Ngpark = 195 Nactive Control = 18). Additionally, 29 legal

guardians (Ngpark = 165 Nactive Control = 13) were enrolled.
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TABLE 3 Baseline characteristics of adolescent participants and legal
guardians enrolled within the study.

Adolescent Participants

Active Test
Control (N | Statistic
=25)
Age, M (SD) 1791 (2.36) | 1696 (2.57) | t(58) =2.00,
p=.14
Gender, N (%) ;(2 (2)=.93,
p=.62
Male 6 (17.14%) 5 (20.00%)
Female 28 (80.00%) 19 (76.00%)
Non-binary 1 (2.86%) 1 (4.00%)
Race, N (%) 1 (5)=.59,
p=.99
American Indian/Alaska Native 1 (2.86%) 0 (0.00%)
Asian 7 (20.00%) 4 (16.00%)
Black or African American 2 (5.71%) 3 (12.00%)
Native Hawaiian or Other Pacific 0 (0.00%) 0 (0.00%)
Islander
Unknown 2 (5.71%) 0 (0.00%)
White 20 (57.14%) 17 (68.00%)
Mixed Race 3 (8.57%) 1 (4.00%)
Ethnicity, N (%) 7 (1)=.91,
p=.34
Hispanic/Latino 6 (17.14%) 4 (16.00%)
Not Hispanic/Latino 29 (82.85%) 21 (84.00%)
Baseline PHQ-8, M (SD) 13.74 (6.02) 13.92 (5.32) t(58) = 2.00,
p=.90
Severity, N (%) 1 (1)=.86,
p=.35
mild-moderate (up to 15) 23 (65.71%) 16 (64.00%)
moderate to severe 12 (34.29%) 9 (36.00%)
(above 15)
Depression Diagnosis, 18 (51.43%) | 14 (56.00%) | x° (1)=.73,
N (%) p=.39
Concurrent treatment for depression, N (%) 7 (5) =57,
p=.99
Medication only 5 (14.29%) 8 (32.00%)
None 19 (54.29%) 12 (48.00%)
Other 1 (2.86%) 0 (0.00%)
Psychotherapy only 4 (11.43%) 2 (8.00%)
Medication and Psychotherapy 5 (14.28%) 3 (12.00%)
Unknown 1 (2.86%) 0 (0.00%)
Legal Guardians
Spark Active Control
(N=16) (N=13)
Education Level, N (%) ;{2 (5)=.50,
p=0.99
Middle school 3 (18.75%) 1 (7.69%)
High school/GED 1 (6.25%) 0 (0.00%)
Some college 1 (6.25%) 3 (23.07%)
Associate’s and/or Bachelor’s 9 (56.25%) 6 (46.15%)
degree
Master’s degree 2 (12.50%) 2 (15.38%)
Doctoral or Professional degree 0 (0.00%) 1 (7.69%)

3.2. App acceptability: engagement &
usability

As seen in Table 4, participants reported using Spark to be a
more engaging experience than using the Active Control on the
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TABLE 4 The mean SUS and UES-SF scores for the two conditions. The
mean usability and engagement for Spark users was higher than for the
Active Control.

Active Control = Test Statistic

Spark (N=30)

(N=21)
SUS, M (SD) 80.67 (11.91) 75.83 (10.50) 1(49) =150, p=.14
UES-SF, M (SD) 3.62 (0.52) 3.10 (0.54) 1(49) = 3.46, p=.001

UES-SF (#(49) =3.46, p<.005). Both apps were rated as having
above-average usability, as indicated by a score of 68 or higher on
the SUS scale. Exploratory between-group analyses were conducted.
No differences were found as measured by the SUS mean scores in
each condition (#(49)=1.50, p>.1). Additionally, participants that
used Spark reported a higher average improvement in symptoms of
depression than participants that used the Active Control (¢(49) =
4.96, p<.001). Legal guardians of participants who used either
Spark or the Active control did not indicate a difference in
subjective reports of symptom improvement between the two apps
(t(16) =0.83, p>.1). Both participants who used Spark and the
legal guardians of these participants reported higher enjoyability
ratings of the app compared to the Active Control users
(participants: #(49) =4.55, p <.001) and their legal guardians: #(16)
=2.77, p <.05). See Table 5 for more detail.

We also investigated app engagement metrics. The median
number of daily active users on a given day across the 5-week
intervention period was 29%, and the 35-day retention rate was
26% (Figure 3). 94% of participants who received Spark completed
level 1, with decreases in level completion in subsequent levels to
23% completing level 5 (Figure 4). Only levels 2-5 consisted of
60%
completed at least 5 behavioral activations (Figure 4). Furthermore,

completing behavioral activations. of the participants
we found a significant negative relationship between the magnitude
of change in PHQ-8 scores from the post-intervention and baseline
timepoints, and the number of BAs that were completed (r(32) =
—0.38, p=0.03; Figure 5).

3.3. Study safety protocol feasibility

During the 5-week intervention period, 56 potential clinical
concerns were logged and evaluated by study investigators
(Dspark = 16, Nactive Control = 11; see Figure 6). Any text that
mentioned symptoms of depression from more serious (e.g.,
suicidal ideation) to less serious (e.g., cried all day) was logged
for review. Of the 40 potential clinical concerns identified in the
Spark group, 13 were identified from free-form text entries in
Spark and the remaining 27 were identified in the adverse event
questionnaire (AEQ), which prompted participants to indicate
worsening, frequency, and intensity of mood. Following
guidelines listed in the safety protocol, 35/40 logged events did
not meet criteria for a potential safety concern and were
with expected day-to-day expected
symptoms of depression, without an indication of worsening in
Therefore, the study
investigators consulted with the study clinician regarding five of

consistent events or

intensity, frequency, or duration.
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TABLE 5 Post-intervention questionnaire app feedback question ratings.

Question Participants (n=51) Parents (n=18)

Question (on a scale Spark (n=30), Active Control Spark (n=10), | Active Control (n=38), t-test

of 0-10) Mean (SD) (n=21), Mean (SD) Mean (SD) Mean (SD)

Mood improvement 5.07 (2.30) 1.90 (2.17) £(49) = 4.96, 4.90 (1.91) 2.88 (3.27) £(16) = 0.83,
p<.001 p>.1

Enjoyableness of mobile app 6.83 (2.05) 3.95 (2.46) t(49) = 4.55, 6.10 (1.85) 2.75 (3.24) t(16)=2.77,
p<.001 p<.05

these participants’ clinical concerns. The study clinician used the  risk and contacted them to confirm their safety. Out of the total
study safety protocol and their clinical judgment to determine 16 potential clinical concerns in the Active Control group, one
whether clinician outreach was required. The study clinician was from a clinical deterioration in depression symptoms (as
decided that two out of these five participants were at sufficient  measured by the PHQ-8), 13 were reported in the AEQ, one was

from text entered by a parent in the post-intervention

questionnaire, and one was reported in an email response from a

= DelyRctheertiocrs: = Modien:Delly fictive Usors parent. Following the same safety protocol, 6/13 logged events

g THOM0% did not meet criteria for a potential safety concern; therefore, the
gé study investigators reported seven participants’ clinical concerns
(% 75.00% in the Active Control group to the study clinician. The study
2 clinician decided that one of these participants was at sufficient
3 5000% risk and contacted them and their legal guardian to confirm
é /\ /\ <« /\ /\ safety. In summary, 16 out of 35 participants in the treatment
= 25.00% ¥ PN \/\/\/ \/\/ group and 11 out of 25 participants in the control group had
& potential clinical concerns logged, with some individuals in each
X 0.00% group having multiple logs, resulting in higher total log counts
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than the number of participants. Five participants from the

Day of Intervention treatment group and seven participants from the control group
had potential clinical concerns that were escalated to clinicians
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FIGURE 4
The percent of Spark users completing each level of the Spark intervention, along with the number of behavioral activations completed by a certain
percentage of Spark users.
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3.4. App efficacy and safety

Three participants were excluded from efficacy analyses due
the PHQ-8 (ngpark=1,
DActive Control = 2), Wwhich did not allow for imputation of missing data.

Within weekly PHQ-8s, 6.1% were missing. No item-level data
were missing. Little’s test suggested that data were not missing at
random (}*(26) = 52.886, p = .0014). There were no group
differences in missing data (}*(5) = 0.99, p = 1.00).

to having completed only baseline
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FIGURE 5

Relationship between the magnitude of change in PHQ-8 scores
between the baseline and post-intervention timepoints, and the
number of BAs that were completed.

10.3389/fdgth.2023.1062471

Analyses investigating differences across Group and Week in the
number of days between the completion of the baseline PHQ-8 and
each weekly PHQ-8 showed a significant effect of Week, F=
2,470.35, p <.001, as the number of days since baseline increased for
each successive weekly PHQ-8. There was no main effect of Group,
F=1.96, p=0.16, nor was there an interaction between Group and
Week, F=1.158, p=.33, indicating that differences in the timing of
completion of PHQ-8s by week did not differ between the two groups.

The GLMM exploring PHQ-8 scores as a function of Group
and Week showed a significant main effect of Week, F=40.600,
p <.001, demonstrating that depression symptoms declined over
time. However, no main effect of Group, F=0.004, p =.95, nor
Group x Week interaction, F=0.125, p=.72, was observed
(Figure 7). The lack of a Group x Week interaction appears to
have been driven by a larger than expected reduction in
symptoms in the Active Control arm, APHQ-8active Control = 3-56,
as the average reduction in symptoms in the Spark group,
APHQ-8gpari = 4.69, was close to reaching a clinically meaningful
change (defined as APHQ-8>5; see Table 6) (46, 76, 77).
However, an exploratory analysis showed that Spark users with
(PHQ-8 > 10)
demonstrated, on average, a clinically meaningful reduction

moderate or higher levels of depression

in depressive symptoms, while Active control users did not
(APHQ'sspark =5.62 (468)> Ngpark = 26; APHQ-84ctive Control =
3.72 (501): N Active Control = 19)

FIGURE 6
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text within Spark
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** Clinician outreach occurred for one participant in response to a combination of concerning freeform text and AEQ responses
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Summary chart of clinical concerns including the sources of clinical concerns, the number of clinical concerns escalated to the study clinician, and the
number of clinical concerns that elicited clinician reachout to the participant.
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PHQ-8 Scores vs. Week in Intervention

254

201 .

PHQ-8 Score

Week in Intervention

FIGURE 7

Group

@~ Active Control

@ Spark

Imputed PHQ-8 scores for participants that completed two or more PHQ-8 questionnaires (n = 57) and separated by condition.

TABLE 6 Change in depressive symptoms at baseline vs. Post-Intervention
by group as evaluated by the PHQ-8.

TABLE 7 Change in GAD-7, MFQ, and PROMIS pediatric at baseline and
post-intervention, mean difference and Cohen’s D.

Baseline | Post-intervention | Mean difference
Spark, M (SD) | 13.76 (5.31) 9.06 (5.76) 4.69 (4.53)
Active Control, | 13.91 (6.30) 10.36 (6.98) 3.56 (5.03)
M (SD)

In relation to app safety, there were a total of 2 SAEs, which both
occurred in the Active Control group. One SAE was reported in the
weekly AEQ; a parent reported that their child was hospitalized due
to depressive symptoms. The clinician contacted the participant and
parent and confirmed the participant was safe and eligible to
continue with the study. The second SAE was reported via email;
a parent wrote that their child had been hospitalized for a suicide
attempt. Since the individual was receiving care at the hospital,
there was no study clinician reachout. This participant was also
withdrawn from the study due to our inability to accurately
monitor their safety during the intervention period as they did not
complete the AEQ questionnaire over two consecutive weeks
during the 5-week intervention period). There were no ADEs or
UADE:s reported in either group.

No significant effect was determined when comparing baseline
and post-intervention mean scores across groups was determined
for any other measure (GAD-7, MFQ, PROMIS Pediatric Global
Health), except for the MFQ (see Table 7).

4. Discussion

The results of this study determined that 1) it was feasible to
evaluate a 5-week, self-guided CBT-based mobile app program

Frontiers in Digital Health

Baseline Post- Mean Effect size
intervention Difference
Spark, 11.26, 35 8.77, 30 (5.98) —2.49 d=-.18
M (SD) (4.85) 95% CI
Active 12.08, 25 10.10, 21 (5.96) —-1.98 [-.58,.18]
Control, (5.20)
M (SD)

Baseline

Mean Difference

Baseline

PROMIS Pediatric (Global Hea

Post-intervention

Spark, 18.63, 16 9.00, 10 (6.57) —431

M (SD) (4.32) 95% CI
Active 12.08, 13 8.00, 8 (4.63) —4.08 [-.35,.85]
Control, (5.78)

M (SD)

Mean Difference

Spark, 35.88, 35 37.97, 30 (7.86) 2.09 d=.06

M (SD) (6.62) 95% CI

Active 34.83, 25 35.50, 21 (6.77) 67 [-.68,82]
Control, (6.27)

M (SD)

d=.25

Effect size

107

compared to an active educational control app for an adjunct
treatment of adolescents with symptoms of depression in a
nationwide virtual and decentralized RCT, 2) adolescents found
the app acceptable, and 3) our safety protocols were robust for
safety.  Additionally,
promising reduction in depression symptoms for participants

monitoring  participant there was a
who received Spark, though the difference in symptom reduction

between Spark and Active Control was not statistically

significant. Finally, there were 0 serious adverse events in the
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Spark group and 2 serious adverse events in the control group. This
suggests that participants in the Spark group were not at greater
risk of a serious adverse event than participants in the active
control group.

4.1. Study feasibility

The enrolled sample successfully represented a range in age,
gender, race, ethnicity, and depression symptom severity. Though
females were more heavily represented, this is consistent with the
etiology of depression in adolescents (78). The recruited sample
was racially diverse compared to other feasibility studies, which
may have been a benefit of our decentralized approach to virtually
recruiting participants nationwide (79). The racial and ethnic
background of participants in the study was in line with national
racial and ethnic census data and with the demographic
distribution of depression among adolescents (80-82). The
diversity reflected in the study sample is a strength and may allow
for greater generalizability of feasibility, engagement, and usability
findings to the wider population of adolescents with depression.

Target enrollment was reached in two months for this trial,
demonstrating the success of our online recruitment strategy and
the perceived feasibility of our enrollment procedures. This
recruitment speed may also underscore the demand for mental
health resources in this population and during the COVID-19
pandemic, as well as reflect an interest in and receptivity to digital
health solutions. Additionally, our recruitment, enrollment and
retention rates were high compared to other feasibility studies that
enrolled similar populations (those with depression (83) and/or
adolescents  (84)
interventions (83-85). For example, our enrollment rate was

through online recruitment for remote
double a feasibility trial evaluating the effectiveness of clinical trials
conducted in a virtual setting, or 21% (205 out of 958) vs. 40%
(60 out of 150) of participants screened vs. those that enrolled
(85). Despite this success, a few areas of improvement were
identified. Improvements to increase retention could include
sending more regular reminders to participants to remind them to
complete questionnaires and additional modalities for reminders,
such as text and email notifications. Additionally, tailoring
availability of onboarding sessions to later hours in the day or
weekends could allow faster enrollment, especially for participants
under the age of 18, given the required involvement of legal

guardians and scheduling constraints around school hours.

4.2. App acceptability

Participants that used Spark rated it as more usable than those
that used the Active Control app in terms of enjoyment and in
terms of its impact on improving their symptoms of depression.
Furthermore, both users of Spark and the Active control rated the
app as well above average usability (64). While there was no
significant difference in the ratings of usability of the two apps,
Spark users rated it, on average, as more usable on the SUS scale
than Active Control users, suggesting that its interactive features
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are easy to use. Engagement was also high for the Spark group:
with an engagement rating above 3.5 (out of 5), this is comparable
to similar studies (86, 87). All users except one gave Spark an
engagement rating above 3 and Spark was rated as significantly
more engaging than the Active Control app. Together, this
suggests that Spark is highly acceptable to study participants.

App engagement metrics are as good or better than other
depression apps on the market. Baumel and colleagues report that
the median daily open rate for real-world usage of depression
apps is 4.8% (88), and is 4.06 times higher for research studies
(88, 89), which is lower than the median daily active use we
found. They also found that the 30-day retention rate is 3.3% for
real-world usage of mental health apps (88). Even a 4.06 fold
increase in average engagement for apps in research studies (89)
would put our 35-day retention rate of 26% above the average.
Though adherence (completion of all levels in the app) was only
at 23%, engagement in digital therapeutics for mental health is a
challenge across the field (90). This low adherence may be
contributing to the non-significant difference in changes in PHQ
between groups. Interestingly, the relationship between the
number of behavioral activations completed and the reduction in
PHQ-8 scores is similar to or stronger than other studies that
report little or no relationship between app dose and treatment
response (91-93). This suggests that if engagement increases, this
may facilitate even greater improvements in depression symptoms.

One reason Spark may have had high engagement is because of
its reliance on BA, which is inherently self-paced and may appeal to
self-motivated adolescents. A 2021 meta-analysis of digital
intervention studies showed that flexibility was a component often
used to increase adherence and engagement (36). Furthermore,
users of apps that help treat depression have stated a desire to
have space for positive emotions within digital mental health
products they are using (94), a quality inherent to BAs. However,
for individuals who may not feel self-motivated, it is important to
incorporate additional features to enhance engagement, like
reminders. The therapeutic qualities of BA can be further
enhanced in the digital setting with the inclusion of additional
features allowing for increased personalization, gamification, and
ease of use (36), which will be important for future versions of Spark.

It is worth noting that operationalizing and measuring
meaningful engagement is a challenge in the field of digital
therapeutics and is critical for understanding how adherence and
engagement impacts therapeutic outcomes (94). This is an area in
which Limbix is actively working (90). In future versions of Spark,
a focus on improvement engagement, like including mood-
tracking activities, mindfulness, psychoeducation, and relapse
prevention in addition to the behavioral activation activity
scheduling that was included here may help to improve outcomes.
Furthermore, though each level could have taken up to 60 min to
complete, which may seem like too long for adolescents to be able
to engage, we do not believe that this was actually a barrier to
engagement. This time was purposely overestimated so that teens
would not feel discouraged if it took longer to complete a module
than anticipated. This estimate also included time to do BA
activities outside of the app, and additionally, adolescents could go
at their own pace, using the app for only a few minutes per day,
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and still complete each module. We felt it was important to keep this
amount of content in the treatment so that we could retain essential
clinical components to improve outcomes; having an evidence-based
treatment is rated as one of the five critical features of evaluating
mental health apps according to the American Psychiatric
Association (96) and is viewed as an increasingly necessary feature
of digital health solutions (97). Therefore, we believe the primary
goal is to modify the app to make the material more engaging
while still maintaining a high standard for clinical quality. Though
these are preliminary analyses, these results suggest promising
directions for future work.

4.3. Study safety protocol feasibility

A third aim of this study was to develop and test the feasibility of
using a detailed, thorough method for monitoring safety in a
decentralized, virtual trial of a mobile application. Typically, safety
protocols for studies of digital interventions are either not reported
(95, 96) or consist of unstructured monitoring with safety
intervention at the investigator’s discretion (97). Nevertheless, a
thorough approach as implemented here may be especially critical
for ensuring safety of study participants within the context of a
completely virtual and decentralized trial. Additionally, the use of
mobile technology affords the opportunity to standardize data
collection around safety rather than relying exclusively on
spontaneous reporting. The safety protocol was successful in
ensuring participant safety throughout the study period. It provided
a standardized and rigorous method to track participant and
guardian reported clinical concerns in both study arms. This
protocol allowed study investigators to determine which clinical
concerns met criteria to be considered adverse events as well as the
severity of such events. The clinician outreach approach outlined in
the protocol was feasible and effective for determining relatedness
of adverse events to the study apps and assuring participant safety.
Opportunities for refining the safety protocol in the future could
include increasing automation in identifying potential clinical
concerns to reduce the potential for human error or oversight.

4.4. Preliminary App efficacy & safety

The preliminary clinical efficacy and safety of Spark was evaluated
compared to an active control condition. The lack of serious adverse
events in the Spark group, compared to two in the Active Control
group, suggests that Spark does not pose any additional risk to
users. Efficacy was measured by a reduction in depressive
symptoms as measured by the PHQ-8. There was a significant
main effect of Time, indicating that both groups reported
improvements in symptoms of depression over the intervention
period. While we did not observe a statistically significant difference
in symptom reduction between groups, Spark users experienced a
greater numeric decrease in PHQ-8 scores compared to Active
Control users. The reduction of depression symptoms in the Spark
group was promising, as the average reduction in depression
symptoms approached a clinically meaningful change. Symptom
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reduction in the Spark group may have been limited by a floor
effect introduced by the inclusion of participants with all levels of
baseline symptom severity. This possibility was supported by a post
hoc analysis of only participants with at least moderate baseline
symptom severity that showed a clinically meaningful reduction in
symptom severity at post-intervention. In fact, recent evidence
suggests that digital interventions may be most effective for more
severe forms of depression (98).

The lack of statistical significance in symptom reduction between
groups is not surprising, given that this trial was not designed or
powered to detect statistical differences in symptom reduction
between Spark and the Active Control. Notably, this finding seemed
to have been driven at least in part by a larger than expected
reduction in symptoms in the Active Control group (26, 99-101),
which might be explained by a number of study considerations.
First, the study design did not control for participants beginning
new treatment or changing treatment for a mental health condition
immediately prior to or during the study intervention period.
Additionally, the psychoeducational material in the Active Control
app may have had therapeutic impact, as psychoeducation is used
as a form of treatment (102) and is considered a therapeutic
element of CBT. Finally, changing impacts of the pandemic may
have played a role, as changes to federal, state, and regional policies
occurred, including those related to remote schooling, during the
conduct of the trial. Future studies powered to detect statistical
differences between groups will be necessary to evaluate the efficacy
of Spark relative to an active control condition.

4.5. Limitations and future directions

Though these data
acceptability of the Spark app,

support study feasibility and the
The

recruited sample was predominantly female (78, 103), which is

limitations remain.
consistent with prevalence rates of depression in adolescence
(104). However, a limitation is that these results are not
generalizable to males and gender non-binary individuals.
Future studies should consider alternative sampling methods
that result in a more equal sampling to better understand the
effects in non-female populations. In addition to this, our
eligibility criteria required that participants were under the
care of a US-based primary care and/or licensed mental
healthcare provider. This criteria was included to; 1) evaluate
the feasibility of the Spark app as an adjunct treatment for
depression and 2) manage participant safety. We acknowledge
that many adolescents are not under the care of a US-based
primary care and/or licensed mental healthcare provider and
as a result, our sample may not be generalizable to the
adolescent population in the US. Participants and their legal
guardians were required to be fluent in English in order to
enroll in the study and use the study apps, in turn limiting
access for those who are not English-speaking. While for this
study no participants were determined ineligible due to this
criteria, individuals from minority populations who do not
speak English are in need of mental health services and future
work will be needed to determine whether it is feasible to use
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Spark in such populations. Also, we included participants that
were receiving other forms of treatment at baseline. Though
excluding such participants may have increased the efficacy of
Spark, this choice was made because Spark is intended to be
used as an adjunct treatment and we wanted to make Spark
widely available to those who were looking for additional
COVID-19 pandemic. This likely
increased the ecological validity of this study given Spark’s

resources during the
intended use. Because efficacy analyses were preliminary, we
did not statistically control for changes in treatment for
mental health conditions prior to, or during the study
intervention period or stratify this variable between groups. As
a result, reductions in depression severity or lack of group
differences could be attributed to changes in concomitant
treatments that participants were receiving. Future studies
should ensure stability on concurrent treatments and control
for changes in treatment during the study intervention period.
Engagement analyses were limited to subjective measures,
whereas objective measures of app use analytics would provide
a more complete picture of engagement. Additionally, while
the study’s safety protocol was supported based on AE ratings
and clinical concern rates, improvements can be made. In this
study’s safety protocol, we withdrew participants from the
study if they did not complete two weekly questionnaires in a
row. This criterion was implemented in order to motivate
participant completion of questionnaires, including the AEQ,
which would allow better monitoring of participant safety. For
future studies, it would be preferable to maintain participant
in the
withdrawing participants, in order to not miss potential data

involvement study and remove this criteria for
from these withdrawn participants. An additional limitation of
study procedures was that suicidality and comorbidities were
not assessed using standardized measures in every participant
to confirm eligibility. While thorough screening measures were
taken to provide the participants with a self-reported
confirmation of eligibility, in future studies, we may implement
standardized screenings.

Lastly, we recognize that this study was not powered to detect
statistical differences between groups and all statistical analyses are
considered exploratory. Future studies will be required to evaluate
efficacy, safety, and engagement of Spark relative to an active

control condition or other digital therapeutics.

4.6. Conclusion

This feasibility study demonstrated the robustness of online
recruitment techniques, strong engagement with and potential
therapeutic benefit of Spark, and the effectiveness of the novel
safety protocol to monitor and ensure patient safety. These
findings will be used to inform and direct future product
development as well as a powered RCT to evaluate app
efficacy. The results of this feasibility trial provide preliminary
support for the use of Spark as a novel digital treatment for
adolescent depression and may point to the utility of digital
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therapeutics in addressing existing barriers in access to effective
mental health care.
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Digital Therapeutics (DTx) are evidence-based software-driven interventions for
the prevention, management, and treatment of medical disorders or diseases.
DTx offer the unique ability to capture rich objective data about when and how
a patient engages with a treatment. Not only can one measure the quantity of
patient interactions with a digital treatment with high temporal precision, but
one can also assess the quality of these interactions. This is particularly useful
for treatments such as cognitive interventions, where the specific manner in
which a patient engages may impact likelihood of treatment success. Here, we
present a technique for measuring the quality of user interactions with a digital
treatment in near-real time. This approach produces evaluations at the level of a
roughly four-minute gameplay session (mission). Each mission required users to
engage in adaptive and personalized multitasking training. The training included
simultaneous presentation of a sensory-motor navigation task and a perceptual
discrimination task. We trained a machine learning model to classify user
interactions with the digital treatment to determine if they were “using it as
intended” or "not using it as intended” based on labeled data created by subject
matter experts (SME). On a held-out test set, the classifier was able to reliably
predict the SME-derived labels (Accuracy =.94; F1 Score =.94). We discuss the
value of this approach and highlight exciting future directions for shared
decision-making and communication between caregivers, patients and
healthcare providers. Additionally, the output of this technique can be useful for
clinical trials and personalized intervention.

KEYWORDS

digital therapeutics, engagement, machine learning, cognition, brain health

Introduction

Digital mental health interventions target the prevention or treatment of mental health
disorders and associated impairments (i.e., functional, affective, cognitive) delivered via a
digital platform (e.g., web browser, mobile apps, text messaging, or virtual reality) (1).
They offer the potential to overcome availability and accessibility limitations, including
geographical location and time (2-4).

While there are thousands of digital interventions claiming to improve various aspects of
mental health, many of them have never gone through clinical trials or regulatory scrutiny.
Also, due to a number of factors, including fast growth of the industry and an absence of
well-accepted standards, there are widely varying definitions of what constitutes a “good”
DTx (5). Contrary to wellness apps, DTx products are typically validated in rigorous
clinical trials measuring safety and efficacy as well as evidence from real-world outcomes,
whereas there is no such standard for wellness products (5).
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Similar to traditional behavioral interventions (e.g., Cognitive
Behavioral Therapy), the success of a DTx depends largely on a
user’s engagement (6). Broadly speaking, engagement can be
described as “(a) the extent (e.g., amount, frequency, duration,
depth) of usage and (b) a subjective experience characterized by
attention, interest, and affect” (7). Engagement is considered to
be a dynamic process that is expected to vary both within and
across individuals over time (7). While data for traditional
behavioral interventions is typically limited to attendance/
adherence, a DTx affords the opportunity to collect rich data on
when and importantly how a user interacts with the intervention.

Stakeholders across academic and industry settings acknowledge
that the current measures of engagement (e.g., extent of usage) may
not be sufficient (1) especially if they are not strong mediators of
outcomes (8). For example, users might come back to the app
every day for months (strong retention), but their symptoms do
not improve. This could be interpreted as the intervention not
being effective, but adherence/retention alone does not ensure that
the DTx is being used as intended. The user may not have
followed the instructions for use correctly, or may not have put
forth significant cognitive effort and/or were distracted during use
of the DTx. Another example of why standard adherence/retention
methods may not be sufficient is that a user may abandon a
treatment once they have achieved the desired benefits. Standard
methods would predict attenuated efficacy, whereas methods
focused on the quality of engagement could tell a different story.
Due to their ability to collect rich data not just when but how a
user interacts with a treatment, DTx products afford the unique
opportunity to identify when a DTx product is being used as
intended. Thus, an approach that provides a clinically-informed
and data-driven way to measure the quality of DTx engagements
may shed some light on the effectiveness of a DTx (8).

While measuring adherence and retention can be achieved by
simply tracking the number of user interactions over time, assessing
the quality of interactions is much more nuanced and time-
consuming, and requires the expertise of trained clinicians or
individuals deeply familiar with the intervention. Machine learning
enables us to capture the wisdom of such experts into a classification
algorithm, making this task efficient and scalable. In other words,
once the classifier is trained it can be applied to large quantities of
new data without the need for additional human labeling.

This
approach to examine engagement with a pair of related DTx
These
proprietary algorithms designed to improve cognitive interference

manuscript introduces a machine learning-based

targeting attentional control function. devices use
management in an adaptive manner and thereby personalized to
the patient. Interference is instantiated through a video game-like
interface presenting two tasks that are performed simultaneously
(multitasking): a perceptual discrimination task (selecting the
correct target from a number of distractor stimuli) and a sensory
motor navigation task (continuously adjusting their position to
steer towards some objects and away from others). Performance
in each task is assessed during single and multitasking
conditions. The interference training is adapted in real time
based on the individual’s performance. Thus the training is

tailored specifically to each individual’s performance level to

Frontiers in Digital Health

10.3389/fdgth.2023.1063165

achieve a consistent and optimal challenge at a predefined level
of difficulty, continually challenging them to improve while
providing rewards and positive feedback when they succeed.

We propose to evaluate engagement not only by examining simple
adherence metrics of (e.g., sessions or total time played) but also the
quality of the interactions with the DTx. In other words, is the user
engaging with the DTx as intended (ie., following the instructions
provided, putting in an appropriate level of effort)?

Methods & results
Visualizing and labeling gameplay data

As described in the introduction, users engage in a perceptual
discrimination and a sensory-motor task simultaneously for
The  perceptual
discrimination task is performed by tapping on the screen of

approximately 4 min per “mission”.
the device while the sensory-motor task is performed by tilting
the device left and right. For a video example of gameplay, see
here. Missions are the basic unit of interaction with our DTx.
To develop and assess the approach we used gameplay data
from 1,308 missions sampled from 427 users, including users
from four studies from which data has been previously
published (9-12) and users of the commercial product. We
pseudo-randomly sampled missions with the goal of balancing
across data source (clinical or commercial), the 4 sequentially
played worlds in the game, balancing types of missions
(training or assessment) proportional to how frequently they
occurred in the game, and selecting a variety of performance
levels. The particular software build varied across studies with
some differences in game content between builds, but the tasks
were substantially identical and all task difficulties were
governed by our proprietary cognitive training technology, the
Selective-Stimulus Management Engine (SSME™). Details on
the particular instantiation of SSME for a given study can be
found in the papers referenced above. The data was sourced
from a number of studies across a number of indications
(ADHD, Multiple Sclerosis, Major Depressive Disorder) so that
our classifier could learn patterns that are not indication-
specific. For the clinical trials, consent for health research and
publication was provided by caregivers in the form of IRB
consent (please see individual studies for details). For the
commercial data, retrospective IRB-exempt status was granted
under 45 CFR 46 116(f)[2018 Requirements] 45 CFR 46.116(d)
[Pre-2018 Requirements] for the analysis of de-identified data
by the WCG Institutional Review Board on April 21, 2023
(Study Number: 1353416).

To facilitate label generation, we created a set of plots that
depict how a user is interacting with the treatment and how the
treatment is dynamically responding to the user’s input. The
plots are generated from telemetry data that is captured as a
participant engages in a mission. Figure 1 is a schematic
representing a mission “played as intended” (left panel) and “not
played as intended” (right panel). For each panel, the top two
plots represent game difficulty levels (solid lines) that varied
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FIGURE 1

Schematic of plots created to assist in labeling. A schematic of a mission “played as intended” is represented in the left panel and “not played as intended”
in the right panel. The top two plots depict difficulty levels for each of two tasks changing over time. The bottom left plot represents tapping behavior
where colors indicate whether the trial was correct (green) or incorrect (red) and points above the line represent taps and points below the line represent
no taps. The bottom right plot represents accelerometer input where deflections from the 0 axis indicate the degree to which the device was tilted (which

controls steering in the sensory-motor navigation task)

dynamically between the top and bottom difficulty limits (dashed
lines) for each of two tasks played simultaneously. The bottom
left plot represents screen tapping in response to the targeting
task (green = correct tap, red=incorrect tap) and the bottom
right plot represents accelerometer measurements. As seen in the
left panel, “playing as intended” is characterized by dynamic
changes in task difficulty as the user engages with the tasks,
tapping during a reasonable percentage of targeting trials with a
reasonable correct rate, and continuously varying accelerometer
input representing movement of the device to perform the
navigation task. In contrast, the right panel depicts a mission
“not played as intended”, which is often characterized by task
difficulty levels at the lower difficulty limit, infrequent taps and
excessive errors, and little to no accelerometer input.

Labeling the plots of mission data

We trained human labelers to analyze the data presented in these
plots (Figure 1) and label the missions using an agreed upon
strategy. The labelers included Akili employees from various
departments such as Cognitive Science, Clinical Operations, and
Data Science. Before they labeled the data, they were trained by
reviewing a number of plots representing various examples of
gameplay (e.g., playing effortfully with the correct rules for the
entire mission or playing one or both tasks with the rules
systematically wrong). A labeling application was created to allow
labelers to indicate the proportion of time (e.g, 0, 25, 50, 75, or
100%) during each mission where each task was “played as
intended”, as well as check a series of boxes if certain conditions
were met (for example, if it appears they did not understand the
targeting rules). These labels were only used in cases where there
was reasonable certainty and typically result in accuracy levels that
are far below what are in the typical range for missions. For each
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mission, labels were collected from 3 human labelers to increase
accuracy/reduce human error. Numeric labels were transformed to
binary ones for the purposes of training a binary classifier using
the following operational definition for “playing as intended”:
multitasking for greater than 75% of a mission while playing with
the correct rules. Above this threshold is considered “playing as
intended” and below the threshold is considered “not playing as
intended”. We considered a full consensus from all raters of
requiring 100% to be too stringent (and would lead to many false
negatives) and that >50% was too liberal, which left us with >75%
as the best option. A final label was determined based on the
majority of the labels for each mission. For example, if 2 out of 3
labelers coded the mission as “playing as intended”, the final label
was “playing as intended”.

Model features

Features were created based on aspects of the mission data that
were informative in making a decision on whether the mission was
“played as intended”. To create features, we extracted the raw
gameplay telemetry data that is captured for each mission played
and transformed the data into a set of summary statistics. The
feature set included statistics such as task accuracy, tapping
frequency and accelerometer variance. These feature vectors were
paired with the labels described above and were used to train a
machine learning model to predict the most likely label (“played
as intended” or “not played as intended”).

Model fitting

The labeled dataset was split into a training (80%) and test
(20%) set using a stratified random sampling approach (stratified

frontiersin.org
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by data source and label (0 or 1). A grid search was performed on
the training data over hyperparameters of a Random Forest
Classifier (implemented with scikit-learn version 0.23.2) using
leave-one-user-out cross validation. Using the hyperparameter
combination with the highest cross-validated Fl-score, the
random forest was retrained on the full training set. To ensure
that the classifier accuracy was not inflated due to overlap in
users in the training and test set, we separately analyzed the
accuracy for users’ data who were only in the test set (F1-score
=.96) and found them to be comparable to users in both the
training and test sets (F1-score =.94).

Model results

We validated the model by assessing performance on the held out
test set. Overall, test set accuracy was 94%. An ROC curve analysis
representing the model’s true/false positive rate at different
thresholds is shown in Figure 2. Precision, Recall and F1-score for
both “playing as intended” (1) and “not playing as intended” (0)
were all exactly 94% (see Table 1 for positive label metrics).

In addition to the model validation outlined above, we ran
additional validation on new data (n =600 missions) from a
different set of users (n=220). The labeling procedure was
identical to what is described above except that there were only 2
labelers. This data was used for the purposes of model drift
monitoring (i.e., the model was not retrained with this data).

Any disagreement between the labelers (“playing as intended”
vs. “not playing as intended”) were reviewed together live until a
reached. The Fl-score for this additional
validation step was similar (.92), providing additional support

consensus  was

that the model performance was high and that model drift was
unlikely to be of concern.

Discussion

In this manuscript, we introduce a machine learning-based
approach to examining engagement with a DTx targeting
attentional control function. Our results suggest that it is feasible
to label missions (the “units” of interaction with our DTx) based

0.6+

True Positive Rate (Positive label: 1)

0.0 —— Pipeline (AUC = 0.98)

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (Positive label: 1)

FIGURE 2
ROC curve representing model performance on the held out test set.
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TABLE 1 Model performance statistics: accuracy, precision, recall, F1-
score and support.

Accuracy @ Precision | Recall | F1-score # of Samples
(positive/negative)
94 94 94 94

134/128

on whether or not they are “played as intended” with high
accuracy. Importantly, this labeling can be done in an automated
and scalable way (without continual expert assessment), which
opens the door for many potential use cases centered around
measuring the quality of engagement with a DTx.

A recent opinion piece (1) calls for better measures of attrition
and engagement. The approach described herein fills that unmet
need in the DTx space, opening a new dimension for assessing
engagement. It can also help to tease apart whether attrition is
due to lack of use, or due to the manner of use, and improve the
product experience accordingly. The proposed approach helps
the DTx be more accurate and proactive in determining whether
the patient is engaging with the product as intended and can
help address many of the issues brought up in the opinion piece.
The authors mention gamification of the DTx as means to
DTx under
examination. The interactivity of the game experience produces a

increase engagement, which is core to the
rich data stream that enables an approach like this to be
developed. But the output of this approach can enable further
gamification, such as points for completing your daily tasks in
the intended manner, or simple rewards for periods of significant
effort when the DTx is used as intended. The approach we
describe also enables more direct feedback to the patient and/or
their caregivers in a near real-time manner as to whether they
were using the DTx as intended, potentially paired with further
messaging to encourage proper engagement to maximize benefit.
These messages should be tailored to each app and given in a
positive/motivational manner, to avoid inducing frustration or
dissatisfaction with the DTx for the patient.

This kind of approach has several other potential uses. It could
also be used to discover cohorts of patients for any number of
analyses. These cohorts could be used to identify responders,
examine dosage at a much finer level, or even to predict whether
a user is likely to cease using the product altogether. Different
cohorts may require different types of messaging to the patient
depending on their usage patterns. The approach could also
provide patients or their caregivers additional insights on (a) the
time course of engagement over the course of a treatment, (b)
ways to get more out of the DTx by using the product as
intended, and (c) any number of other communication strategies
to give the patient a behavioral cue to move them into a pattern
of use that is more likely to lead to greater benefit from the DTx.

Future development of this approach could include moving
from a binary classification of whether the patient was using the
product as intended to a continuous outcome, for example
indicating the total amount of time in each daily task where they
were using the product in the intended manner. This could be
useful for a number of reasons. First, missions which are
currently near the classification boundary and would register as
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“not played as intended” could instead result in more granular
feedback as to the level of engagement as intended (e.g., 73% of
a given mission). A continuous output could also serve better as
a feature in other models or analyses to examine patterns of
usage, effectiveness of different messaging campaigns around
proper use of the product, or differences in effectiveness of the
DTx for different patients.

A limitation of the current approach is that the machine
learning model (a random forest classifier) is moderately
complex, and so explaining how the model arrived at a particular
decision is not straightforward. Explainable Boosting Machines
can be used to create a model that can be as accurate as a
random forest while simultaneously providing output that can be
easily interpreted (13). We have experimented with these models
and found that they produce similar results.

While the specific methods and tooling used for our DTx will not
likely transfer directly to another DTx the overall approach could be
replicated with similar labeling, feature engineering, and model
training efforts. It will require sufficient telemetry recorded, such
that an expert observer might discern with high confidence
whether or not the data stream represents use as intended. This
sort of tool could become a standard feature of DTX, ensuring that
products that have undergone such rigorous clinical validation can
consistently prove out their benefit in the real world.
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