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Abstract 

Background  Depression remains a global health problem, with its prevalence rising worldwide. Digital biomarkers 
are increasingly investigated to initiate and tailor scalable interventions targeting depression. Due to the steady influx 
of new cases, focusing on treatment alone will not suffice; academics and practitioners need to focus on the preven-
tion of depression (i.e., addressing subclinical depression).

Aim  With our study, we aim to (i) develop digital biomarkers for subclinical symptoms of depression, (ii) develop 
digital biomarkers for severity of subclinical depression, and (iii) investigate the efficacy of a digital intervention in 
reducing symptoms and severity of subclinical depression.

Method  Participants will interact with the digital intervention BEDDA consisting of a scripted conversational agent, 
the slow-paced breathing training Breeze, and actionable advice for different symptoms. The intervention comprises 
30 daily interactions to be completed in less than 45 days. We will collect self-reports regarding mood, agitation, 
anhedonia (proximal outcomes; first objective), self-reports regarding depression severity (primary distal outcome; 
second and third objective), anxiety severity (secondary distal outcome; second and third objective), stress (second-
ary distal outcome; second and third objective), voice, and breathing. A subsample of 25% of the participants will use 
smartwatches to record physiological data (e.g., heart-rate, heart-rate variability), which will be used in the analyses for 
all three objectives.

Discussion  Digital voice- and breathing-based biomarkers may improve diagnosis, prevention, and care by enabling 
an unobtrusive and either complementary or alternative assessment to self-reports. Furthermore, our results may 
advance our understanding of underlying psychophysiological changes in subclinical depression. Our study also pro-
vides further evidence regarding the efficacy of standalone digital health interventions to prevent depression.

Trial registration Ethics approval was provided by the Ethics Commission of ETH Zurich (EK-2022-N-31) and the study 
was registered in the ISRCTN registry (Reference number: ISRCTN38841716, Submission date: 20/08/2022).
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Background
Despite effective pharmaceutical, therapeutic, and digi-
tal treatments [1], depression remains a global health 
problem [2] with rising prevalence [3]. Researchers 
worldwide aim to address this worrisome development 
by investigating and developing digital interventions, 
such as smartphone apps, to improve treatment and 
increase the availability of support. However, given the 
steady influx of new cases of depression [4], especially 
due to the Covid-19 pandemic [5, 6], climate change 
[7], and other world events such as the war in Ukraine, 
the focus on improving treatment and treatment avail-
ability alone may not suffice. It must be complemented 
by a commitment to improving prevention, i.e., aiding 
vulnerable individuals who already show weaker symp-
toms of depression (i.e., subclinical depression) or have 
biological, social, or environmental predispositions [8, 
9].

Subclinical depression, also called minor or subsyn-
dromal depression, is a milder form of depression char-
acterized by less severe and present symptoms. For a 
diagnosis, an individual needs to report two to four crite-
rion symptoms of depression with at least one of the core 
symptoms (depressed mood or anhedonia) over a period 
of two weeks [10, 11]. Evidence shows that many patients 
with subclinical depression still report persistent depres-
sive symptoms after twelve months when left untreated 
and that subclinical depression poses a 10–20% risk of 
deteriorating into a major depressive disorder (MDD) 
and a 33–50% risk of patients developing moderate func-
tional impairments [10–12].

One approach to improve the prevention and treatment 
of subclinical and clinical depression is to use digital 
biomarkers (DBMs) to detect (i.e., screening), diagnose 
(both within and between clusters of mental diseases), 
initially tailor treatment (for prevention, especially the 
tailoring of standalone interventions), and monitor 
severity and symptoms (for self-monitoring, tracking, or 
continuous tailoring). Specifically for improving the pre-
vention of depression, DBMs could be used as an early 
warning system indicating a problem (e.g., when visit-
ing a general practitioner) and continuously monitoring 
whether changes occur that would require more exten-
sive treatment. While an ideal DBM would cover all of 
these areas, a validated DBM for one of these functions 
would warrant significant utility for prevention or treat-
ment. Additionally, for digital health interventions, in 
particular, DBMs can help to plan treatment before treat-
ment takes place (e.g., when screening) or continuously 
(e.g., by just-in-time-adaptive interventions [13]). Prior 
work indicated that initial [14] and just-in-time adaptive 
tailoring increase the effectiveness of digital health inter-
ventions [15].

Regardless of which DBMs are used, they share com-
mon advantages and disadvantages. Compared to self-
reports, advantages include that DBMs are potentially 
less burdensome (due to passive collection of data), less 
difficult to be answered (due to cognitive or disease-spe-
cific impairments), not exclusively focused on perceived 
emotional changes (given that baseline uses physiologi-
cal or behavioral measurements), less dependent on 
the location (i.e., remote assessment is possible), less 
affected by stigma (e.g., when using a clinical assess-
ment), less expensive (especially when a test is carried 
out by a healthcare professional), and easily embedded 
within existing interactions (e.g., with a voice assistant) 
[16–22]. The disadvantages include that DBMs are not 
as rigorously validated, especially in clinical settings, 
that large amounts of data are needed to develop the 
models, and that DBMs can be affected by biases due to 
race, gender, and age [22]. Henrich et  al. [23] described 
the selectiveness of samples used and reported that most 
studies rely on white, educated, industrialized, rich, dem-
ocratic (WEIRD) cohorts to infer cognitive or behavioral 
changes. Hruschka et  al. [24] report that despite these 
findings, most work still relies on WEIRD populations.

A propitious DBM for subclinical and clinical depres-
sion could be speech. One reason is that speech, com-
pared to self-reported behavior or feelings, may be less 
affected by population biases [22]. Researchers and 
scientists have long observed that speech is affected by 
depression [16, 22]. Among the first was Emil Kraepe-
lin, the founder of modern psychiatry, who described 
his findings regarding voice in depressed individu-
als in 1921 as follows: “patients speak in a low voice, 
slowly, hesitatingly, monotonously, sometimes stut-
tering, whispering, try several times before they bring 
out a word, become mute in the middle of a sentence” 
[25]. More recent work laid the theoretical foundation 
for the utility of speech as a DBM by theorizing speech 
as a sensitive output system [26] involving cognitive 
planning, muscular actions, and the respiratory tract 
and the finding that emotional affect influences speech 
[27]. Two systematic reviews [16, 22] summarized the 
evidence researchers have found regarding voice as a 
diagnostic or prognostic DBM for depression. They 
also summarize the work investigating which features 
of the voice (e.g., prosodic features) are most signifi-
cantly affected by depression and, in the case of Low 
et  al. [22], other mental health diseases. The authors 
of these two reviews also highlighted speech’s unique 
advantages as a DBM. These advantages include that 
speech encompasses a broad range of behaviors, that 
widely available signal recording technologies sim-
plify data collection (such as smartphones, voice assis-
tants, and voice-activated navigation systems), and 
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that frameworks for feature extraction and advanced 
machine learning have become easier to use [16, 22, 
28]. However, the authors also discussed limitations 
and necessary future work for developing speech as 
a DBM. The reviews found that for the development 
of voice-based DBMs, mostly lengthy therapy ses-
sions served as training data [16, 22]. Low et  al. [22] 
also reported that 32% of the studies used the AVEC 
(Audio/Visual Emotion Challenge Workshop) data-
bases to train and test different models and that few 
studies used held-out test sets, with the ones using this 
type of validation reporting scores ranging from close 
to chance to high scores (highest reported F1-score = 
0.95, however, this score was only achieved in an all-
female population). Cummins et  al. [16] separated the 
reviewed studies along different aims: classification of 
depression presence, classification of depression sever-
ity, or regression of depression score level. The maximal 
accuracy for classification of the presence of depres-
sion reported was 96% (for female speakers only), with 
maximal sensitivity reported as 0.98 (for female speak-
ers only) and maximal specificity reported as 0.94 (for 
female speakers only). The maximal accuracy of classi-
fication for depression severity reported was 79%, with 
maximal sensitivity reported as 0.88 and maximal spec-
ificity reported as 0.77. For regression of depression 
score level, only studies using different versions of the 
AVEC database were reviewed. While the comparison 
between the datasets of different years may produce 
errors, as mentioned by Cumins et al. [16] the authors 
report root-mean-square deviations between 7.71 (2014 
AVEC) and 12.01 (2013 AVEC). Additionally, it remains 
unclear to what degree these voice-based DBMs were 
validated in clinical practice (following the V3 frame-
work from Goldsack et al. [29]) even if the data was col-
lected in a clinical setting. Due to these remaining open 
questions and potential improvements but also the high 
potential, we aim to investigate voice as a symptom and 
severity DBM for subclinical depression.

A less described but potentially highly relevant DBM 
for depression could be breathing sounds. To the best of 
our knowledge, breathing sounds have not been inves-
tigated as DBMs. However, related work reported that 
depression affects the brain and physiological struc-
tures that have been associated with breathing [30–32]. 
Depression is associated with poorer lung function [33]. 
Furthermore, depression and prolonged stress can alter 
the fraction of exhaled nitric oxide and lung functioning 
[34]. Additionally, slow-paced breathing interventions 
that aim to reduce breaths per minute have been shown 
to improve mood in patients with major depressive dis-
order [35] and undergraduate psychology students [36]. 
The advantage of a breathing-based DBM would be that 

breathing sounds contain less sensitive information than 
speech and that breathing could be recorded frequently 
as it occurs several times per minute.

We aim to use breathing sounds as a DBM since slow-
paced breathing interventions aiming to slow breathing 
voluntarily are profoundly intermingled with cognitive 
aspects of meditation and therapeutic techniques such as 
biofeedback, progressive relaxation, or autogenic training 
[37]. Additionally to the development of a DBM, we are 
also interested in how efficient a slow-paced breathing 
training in the field is. Related work has shown positive 
effects of slow-paced breathing interventions on general 
health status (such as wellness, relaxation, and stress 
reduction), depression [35], and symptoms of depres-
sion such as mood [36]. The positive effects of slowed 
breathing have led to the development of various breath-
ing guidance apps [38]. However, similar to other digital 
health interventions, digital slow-paced breathing inter-
ventions show substantial declines in adherence after 
several days [38]. One discussed approach to increas-
ing adherence while maintaining the positive effects of 
slow-paced breathing is to use biofeedback and gamifica-
tion. To this end, we described and evaluated the digital 
slow-paced breathing training Breeze in a lab study [39]. 
However, further evidence is needed to what extent such 
a digital gamified slow-paced breathing training can 
reduce symptoms and severity of subclinical depression 
in the field.

In addition to these voice- and breathing-based DBMs, 
physiological (e.g., heart-rate, heart-rate variability, skin 
temperature) and behavioral (physical activity, sleep pat-
terns, location entropy as a surrogate for activity) DBMs 
for depression have been summarized in a recent sys-
tematic review [40]. These physiological and behavioral 
measurements may serve as complementary or alter-
native measurements for depression and may be used 
in addition to self-reported symptoms and cognitive 
changes. They also provide information regarding physi-
ological changes, such as heart-rate, that may impact 
voice and breathing. Smartwatches are a commonly used 
tool to collect both physiological and behavioral data. 
Additionally, while evidence for the potential of physical 
activity as both a DBM [41] and a treatment component 
(e.g., as behavioral activation in CBT) [42] exists, further 
evidence is needed to investigate whether different symp-
toms (e.g., mood compared to agitation) are affected 
equally by increased physical activity.

Due to these advantages of DBMs and the efforts 
of the scientific community to develop DBMs, we 
expected to find DBMs already in use by popular 
apps addressing depression. However, our review of 
real-world apps for the prevention and treatment of 
depression available in the Apple App and Google 
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Play Store revealed almost all reviewed apps did not 
use any DBMs to measure outcomes but relied almost 
exclusively on self-reports [43]. This observed lim-
ited usage of DBMs may partly be due to these mark-
ers’ lack of real-world practicability. Privacy concerns 
could be a reason for the limited use of DBMs due to 
the need to passively collect data over extended peri-
ods without individual interaction [21]. Therefore, 
alternatives such as only collecting data while users 
actively interact with a digital health intervention must 
be investigated. Examples of such data collections are 
breathing sounds captured while users perform slow-
paced breathing training, recordings of voice com-
mands given to a voice assistant, or reaction times of 
interactions with a conversational agent. Finally, most 
studies reported in the systematic reviews have used 
severity assessments such as the PHQ-9 [44] or Beck 
depression inventory (BDI-II) [45] to develop DBMs. 
Most other studies have focused on developing DBMs 
for mood, and less research exists for other relevant 
symptoms such as agitation or anhedonia.

As summarized by the different reviews [16, 22], 
substantial work has investigated DBMs for clinical 
severity of depression. However, it seems especially 
difficult to categorize patients into low or high-level 
depression with existing clinical instruments [46]. 
Additionally, patients with modest levels of depression 
consulted in clinical settings show the highest chance 
of misidentification due to the time-consuming pro-
cess of diagnosing the illness and that not all depressed 
patients outwardly express emotional symptoms such 
as sadness or hopelessness [46, 47]. Extreme levels of 
depression may be easily identifiable using voice as 
clinicians already use this as an indicator [16]. There-
fore, we aim to develop DBMs that detect subclinical 
depressive symptoms and subclinical depression sever-
ity. Following the logic, if a patient is severely impaired 
by his depression, DBMs may not provide any addi-
tional information already evident due to the substan-
tial impairments.

To address these challenges and contribute to the 
efforts to develop speech- and breathing-based DBMs, 
we designed and implemented the digital intervention 
called “On a journey to feel a little better. Or BEDDA” 
(BEDDA). To improve daily reported symptoms and 
biweekly reported severity, we implemented interven-
tion components observed to be effective in related 
work, namely the slow-paced breathing training Breeze 
[39, 48–50] and a conversational agent [51–54]. Addi-
tionally, participants will receive daily short, action-
able advice [55–57]. We aim to use BEDDA in a 30-day 
waitlist control field study to collect different data to 
address three main objectives.

Study objectives
The first objective of our study is to develop voice- and 
breathing base DBMs for mood, agitation, and anhedo-
nia in a range of subclinical depression severity. With 
our second objective, we aim to develop DBMs for the 
severity within a subclinical range for depression. Our 
third and last objective is to investigate the efficacy of 
BEDDA consisting of the three intervention compo-
nents, Breeze, a conversational agent, and daily short, 
actionable advice.

Methods
We plan a longitudinal waitlist-control field study to 
address the objectives outlined above. For this purpose, 
we are developing the smartphone app “On a journey 
to feel a little better. Or BEDDA.” (BEDDA), which can 
collect the required data. The three main intervention 
components of the BEDDA app follow the talk-and-
tools paradigm [58]. BEDDA contains two tools (Breeze 
and daily actionable advice, i.e., daily wisdom) and one 
talk element (conversation agent). We designed these 
three elements in line with our three research objectives: 
(1) Breeze to collect breathing sounds (objectives 1 and 
2) and improve symptoms and severity of subclinical 
depression, (2) daily actionable advice to improve symp-
toms and severity of subclinical depression, and (3) a 
socially-oriented conversational agent guiding through 
the intervention by presenting the story, setting the goal, 
and presenting gamification elements to increase adher-
ence and efficacy (objectives 1, 2, and 3).

Conceptual model
Figure  1 outlines the developed conceptual model of 
the BEDDA study. This resulting model aims to trigger 
a causal chain using different intervention components. 
The intervention components aiming at increasing the 
engagement of the participants with BEDDA are the 
black boxes pointing toward “Perceived Characteristics of 
BEDDA”, “Working Alliance between Participant and CA”, 
and “Behavioral Intention to Use BEDDA” in Fig. 1. The 
intervention components that aim to improve the proxi-
mal outcomes (mood, agitation, anhedonia) and, in turn, 
the primary distal outcomes (subclinical depression) as 
well as secondary distal outcomes (subclinical anxiety) 
are described in the black boxes pointing toward “Prox-
imal Outcomes” in Fig.  1. For an explanation regarding 
proximal and distal outcomes of digital interventions, see 
[13, 59]. In the following sections, we will briefly outline 
the intervention components we designed to influence 
the behavioral intention to use BEDDA and improve the 
proximal and distal outcomes in more detail.
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Behavioral intention to use the BEDDA app
To increase the “Behavioral intention to use and continue 
to use BEDDA”, we use the components “Perceived Char-
acteristics of BEDDA” and “Working Alliance Between 
the Participant and CA”. Related work covering informa-
tion systems and technology acceptance research [60–
63], working alliance [64, 65] linked to conversational 
agents [52, 66–68], and behavior change theory [69, 70] 
theoretically informed these components. In addition to 
increasing the “Behavioral intention to use and continue 
to use BEDDA”, we will use reminders, progress reports, 
goal setting by daily challenge, and monetary daily 
incentives.

Smartphone‑based biofeedback breathing training Breeze
Our group initially developed the smartphone-based bio-
feedback breathing training Breeze and further adapted it 
to address the objectives of this study [48–50, 71]. Breeze 
uses the smartphone’s microphone to continuously 
detect breathing phases in real-time (i.e., inhalations, 
exhalations, and pauses between inhalations and exhala-
tions). This detection is, in turn, used to trigger a gami-
fied biofeedback-guided breathing training visualization. 
This gamified biofeedback is illustrated as a sailing boat 
moving down a river, which speeds up when the user 
performs slow-paced breathing correctly (Fig.  2). This 

targets experiential outcomes [62] in addition to instru-
mental outcomes of psychological wellbeing and heart-
rate variably (HRV) [72]. The standard configuration of 
Breeze guides users to breathe with six breaths per min-
ute, which can, however, be adjusted for untrained or 
well-trained individuals in a specific range safeguarding 
for too fast or too slow breathing. The gamified breath-
ing training visualization of Breeze has been shown to 
increase the experiential value [50] compared to a stand-
ard breathing training visualization. Furthermore, it has 
been demonstrated that Breeze effectively increases HRV 
[49]. Breeze will be explained in the story presented by 
BEDDA as one of the intervention components.

Conversational agent BEDDA
Analogue to the previous [53, 73–77] and ongoing work 
of the project team, the intervention will involve a text-
based conversational agent (CA) called BEDDA. The 
participant will choose one of four avatars represent-
ing BEDDA (Fig.  3). Like other conversational agents, 
BEDDA aims to imitate a conversation with a human 
being [78]. BEDDA will provide a general introduction 
to the study, explain, and move the story along, collect 
responses to self-reported questions, and motivate the 
participant to continue interacting with the interven-
tion. BEDDA will rely on scripted answers to increase 

Fig. 1  Conceptual model. Conceptual design of the intervention. Intervention components with a number (#) are taken from Knittle [70]. 
For example, #39 corresponds to the intervention component number 39,“Credible Source” in Knittle, Heino [70]. The remaining intervention 
components are derived from Vorganti et al. [98], Kramer et al. [73], and De Vecchi et al. [99]
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simplicity and minimize the risk of harm. No free-text 
entries will be used except for variables such as the nick-
name, demographic information, or feedback regarding 
what to improve in a future intervention version. The 
study team developed the logic of the BEDDA, and the 
responses (i.e., conversational turns) are scripted, fully 
transparent, and traceable. BEDDA will also provide 
feedback on the self-reported outcomes (self-efficacy, 
[79]) at the end of the journey.

Daily wisdom
The daily wisdom (i.e., short, actionable advice) are 
actionable tips related to the symptom measured that 
day. The participant can receive this daily wisdom at the 
end of each daily interaction on any given day or ignore 
it for the moment but review it later at any point in the 
app. We implemented this option of still being able to 
assess the daily wisdom at a later point to prevent induc-
ing stress on the participants. The daily wisdom is pre-
sented as a non-binding and noncommittal option they 
may want to try at any time. It is designed to be easily 
implemented into the daily routine and serves to (1) 
increase the efficacy of the intervention [55]; (2) target 

improvements in self-confidence and self-efficacy [56]; 
(3) contribute to the intervention’s intensity, which is 
linked to improving efficacy [57]; and (4) provide an addi-
tional measurement for engagement. The list of different 
daily wisdom can be found in Additional file 1.

Gamification and storytelling
The conversational agent named BEDDA will present the 
story in which BEDDA and the participant go on a treas-
ure hunt. Since BEDDA’s sailboat cannot be powered and 
steered by BEDDA alone, BEDDA asks the participant to 
power the boat by providing wind energy. BEDDA goes 
on to explain that at the end of their journey, when they 
collected 30 keys, a magic chest opens and the coins in 
it can be collected. BEDDA also explains that the magic 
chest has another magical power. Provided that the par-
ticipant manages to collect all keys in less than 40 days, 
they have the chance to win even further coins (gamifi-
cation—challenge [70]) or keep a smartwatch received at 
the beginning of the study (smartwatch group only). Sec-
ond, if the participant needs more than 45 days to find all 
keys, the chest loses its magical power, and all gold coins 
disappear (gamification—challenge [70]). We included 

Fig. 2  Breeze session. An entire session of Breeze (starting from left): start screen, starting voice commands, countdown, inhalation phase, 
exhalation phase, ending voice commands, and final screen

Fig. 3  BEDDA Avatars. Conversational agent avatars used in the study. Participants can choose one of the four avatars to represent BEDDA at the 
beginning of the study. Modified images licensed via ETH Zurich Adobe Creative Cloud License
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this time constraint due to the timescale of this study and 
to further motivate the participants.

As explained by BEDDA, 30 keys need to be found 
along the way (Fig.  4) that unlock a chest at the jour-
ney’s end (Fig. 5). These keys are hidden in bottles (Fig. 6) 
floating on the river on the daily trip. Besides the key, the 
bottle also contains the daily wisdom of the day. Each day, 
the participants can only find one key. Before and after 
each trip, BEDDA presents a map (Fig. 7) to the partici-
pants illustrating their progress (goal setting—complete 
a daily task [70]). The progress made is also indicated by 
an illustration of the number of keys collected and the 
days past since the journey started (gamification—pro-
gress indication or badges [70]). The participants can 
additionally interact with Breeze as often as they want on 
any given day, given that they have already completed the 
daily trip.

Study design
Figure  8 shows the experimental design of the study. 
The study will run for 60 days, and participants will be 
randomly (using an algorithm on the recruitment web-
site) allocated to one of four groups we listed in Table 1: 
intervention with smartwatch (IGsw), intervention 
without smartwatch (IGnsw), waitlist with smartwatch 
(WGsw), waitlist without smartwatch (WGnsw). The 
intervention part of the study will run for 30–45 days, 
depending on how many days the participant needs to 
finish the required 30 once-per-day guided interactions 
(described below). Participants allocated to the inter-
vention group (IGsw and IGnsw) will start the experiment 
first. In their first interaction (T1), they will receive 
the study information, give written informed consent 
via the app (type of content approved by the ethics 

committee), complete the initial assessment, receive a 
tutorial on how to use the app, and complete a training 
with Breeze for the first time. Participants allocated to 
the waitlist group (WGsw and WGnsw) will complete the 
baseline assessment (T0) but will not yet start using the 
app for another 30 days. In these first 30 days, partici-
pants in the intervention group will interact daily with 
BEDDA. This interaction includes dialogues with the 
conversational agent, answering questions before and 
after Breeze, and conducting breathing training with 

Fig. 4  Keys. Graphic illustration of the number of keys collected in 
the study. The number is increased after each interaction with Breeze. 
Helen Galliker created images specifically for this study as part of her 
employment at the Center for Digital Health Interventions. The Center 
for Digital Health Interventions holds the copywriter to all images

Fig. 5  Treasure. The chest with 30 locks the participant aims to open. 
Helen Galliker created images specifically for this study as part of her 
employment at the Center for Digital Health Interventions. The Center 
for Digital Health Interventions holds the copywriter to all images

Fig. 6  Bottle. Illustration of the bottle in which the daily advice and 
the keys are found. Helen Galliker created images specifically for this 
study as part of her employment at the Center for Digital Health 
Interventions. The Center for Digital Health Interventions holds the 
copywriter to all images
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Breeze. Each day, they can also choose whether they 
want to receive daily wisdom matching the symptom of 
the day. Additionally, the conversational agent moves 
the story further each day, and the app uses gamifica-
tion elements to illustrate progress. On day 15 of the 
intervention, participants allocated to the intervention 
group will respond to the half-time assessment ques-
tions and on day 30, participants in the intervention 
group will respond to the final assessment.

Participants assigned to the waitlist control group 
(WGsw and WGnsw) will respond to baseline assess-
ments (T0) on day 1 and 15 (corresponding to T1 and T2 
in the intervention groups). On day 30 (T3 for the inter-
vention group) the control group will start the interven-
tion part of the study. The control group participants 

will be informed about the assessments, and the study 
starts through a notification on their smartphones. Par-
ticipants in the control group will then complete the 
same intervention as the intervention group including 
the initial, half-time, and final assessment.

Recruitment, inclusion criteria, exclusion criteria
A highly relevant group that shows alarming rates of 
symptoms of subclinical [80–83] and clinical depression 
are undergraduate [84], graduate [85], and Ph.D. students 
[86]. Our study aims at this population by recruiting 
participants from Swiss universities with no or subclini-
cal symptoms of depression and anxiety. To increase the 
diversity of our sample, we plan to recruit participants 
from the general population as well. We will recruit par-
ticipants via mailing lists of universities, social media, 
and other communication channels such as flyers and 
advertisements. Since participants may know each other 
spill-over effects could occur.

Participants must be at least 18 years old, not pregnant, 
not diagnosed with Asthma, COPD, or other respira-
tory conditions, and should be willing to invest approx. 
five minutes of their time per day for 30 days. We will use 
the 9-item version of the Patient Health Questionnaire 
Short Version (PHQ-9, [44]) for screening purposes to 

Fig. 7  Map. The map used to illustrate the progress of the participant. Helen Galliker created images specifically for this study as part of her 
employment at the Center for Digital Health Interventions. The Center for Digital Health Interventions holds the copywriter to all images

Table 1  Groups included in the study

Group Treatment Smartwatch Planned N

IGsw Intervention Yes 25

IGnsw Intervention No 75

WGsw Waitlist Yes 25

WGnsw Waitlist No 75
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determine the severity of depression. We will also use the 
7-item version of the General Anxiety Disorder Ques-
tionnaire (GAD-7, [87]) to assess the severity of anxi-
ety. Participants with scores greater than 15 (more than 
mild symptoms) in either screening instrument will be 
excluded and directly referred to a mental health hot-
line for the general public and mental health services of 
universities. We will also exclude participants respond-
ing with “several days (+1)”, “more than half the days 
(+2)”, or “nearly every day (+3)” to the question of the 
PHQ-9 assessing suicidal or self-harm ideation, and we 
advise the participant to seek professional help immedi-
ately. We will not use minimal cut-off scores to exclude 
participants because it is difficult to determine at which 
point a participant shows sufficient symptoms to benefit 
from the intervention. Additionally, we expect a selec-
tion effect due to the advertisement content focusing on 
improving symptoms and severity of depression (e.g., one 
of the outlined potential benefits is “reduce stress”).

Furthermore, we will exclude participants with a cur-
rent episode of a diagnosed mood disorder (Major 
Depressive Disorder, Bipolar Disorder, Persistent 
Depressive Disorder, or a Disruptive Mood Dysregula-
tion Disorder). The same applies to participants with 
other diagnosed psychiatric disorders (e.g., Generalized 
Anxiety Disorder, Schizophrenia, Borderline Personality 
Disorder). Participants currently receiving psychothera-
peutic or psychopharmacological treatment can not par-
ticipate in the study.

Enrollment and allocation
Interested respondents will complete the initial assess-
ment using an online survey to determine whether they 
can participate in the study. In this survey, we will also 
ask eligible participants whether they would be able to 
pick up the smartwatch from an external institute and 
be willing to provide the smartwatch data for the dura-
tion of the study. Sending smartwatches to participants 

Fig. 8  Experimental Design. Experimental design of the study. Note: T0: Assessment at baseline for the control group only. T1: Start intervention 
with start interaction and assessment. T2: Half-time intervention with half-time interaction and assessment. T3: End of intervention with final 
interaction and assessment. Intervention: Daily engagement in the intervention consists of interaction with the conversational agent, Breeze, 
providing assessments, and receiving daily wisdom. Figure created by Gisbert W. Teepe as part of his employment at the Center for Digital Health 
Interventions
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is not feasible due to requirements from the Cantonal 
Ethics Commission (Ethics Commission of the Federal 
State of Zurich, Switzerland) regarding anonymous data 
collection. Eligible respondents will be enrolled in the 
study and randomly allocated to either the interven-
tion or waitlist control group using an algorithm on the 
website (www.bedda.me). If participants are interested 
in using a smartwatch, it is randomly decided whether 
they receive a smartwatch or not. Participants not allo-
cated to the smartwatch group will receive instructions 
on downloading and installing the BEDDA app on their 
own. Participants assigned to the smartwatch group will 
receive instructions on how to book an appointment at 
an external organization to pick up their smartwatches. 
An individual from the external organization will help 
participants to install the app on the participantsâ€™ 
smartphones and enter the key of the smartwatch in the 
study app. We will collect no personal data during this 
process and cannot associate any personal data with the 
collected data.

Usually, blinding participants and staff is complex in 
most digital health intervention studies. Participants 
can easily realize if they are in the intervention group 
that uses a form of digital therapeutic or if they are in a 
control group (e.g., receiving standard of care or a sham 
intervention such as printed health information). How-
ever, we aim to address this problem by providing instal-
lation instructions for all groups after recruitment and 
only disclosing the intervention’s start time via a notifi-
cation of BEDDA. However, the smartwatch groups will 
have a clear indication that they are in one of the smart-
watch groups (intervention or waitlist). Still, we will nei-
ther disclose the allocation to the intervention or waitlist 
group to staff or participants in the smartwatch groups.

Daily interaction
Participants will be asked to interact with BEDDA by 
completing the once-per-day guided interaction (i.e., 
daily trip). Each daily interaction consists of differ-
ent parts using the different elements of the interven-
tion. Figure 9 illustrates such a daily interaction. First, 
the participants will interact with the chatbot and a 
treasure map showing the day’s journey. Second, the 
participants will assess a subset of the Multidimen-
sional Mood State Questionnaire (MDMQ) about their 
mood, agitation, and anhedonia [88, 89]. To reduce the 
burden on the participants, only one dimension of the 
MDMQ will be randomly selected each day. Figure 10 
illustrates how the symptom of the day (e.g., symptom 
of the day is mood) and which version of the symptom 
of the day is presented in which order (e.g., Mood Ver-
sion A is presented first, followed by Mood Version B 
after Breeze). One dimension consists of positive and 

negative items and has two versions with five items 
each. The participant will also indicate where they are 
conducting the breathing training (e.g., living room, 
office, etc.). Third, we will ask the participants to per-
form breathing training with Breeze. There, the app 
will instruct the participants to say three sentences to 
start the training: (1)“Lift the anchor.”, (2)“Set the sails.” 
(3)“Let’s start today’s journey.”. After this, participants 
will perform the breathing training. While sailing over 
the river, the participants will collect a bottle floating 
on the river. In this bottle, two items will be found the 
daily wisdom and one of the 30 keys. At the end of the 
exercise, participants will be instructed to read three 
sentences: (1) “Haul in the sails,” (2) “Set the anchor”, 
and (3) “I have finished today’s journey.” Fourth, the 
participants will answer five different questions on the 
same MDMQ dimension as asked before the breathing 
exercise about either mood, agitation, or anhedonia. 
Fifth, the participants will provide a short indication 
of how accurately they perceived the detection of their 
breathing by responding to a question, adapted from 
Efendic et  al. [90], with a seven-level response Likert 
scale ranging from “very inaccurate” to“very accurate”. 
Finally, they will be asked if they want to receive the 
wisdom collected on the way, showing the map of the 
completed journey and the number of keys they have 
accumulated in total.

Incentive mechanism
Participants will receive financial compensation for their 
participation if they meet certain criteria. First, partici-
pants need to interact with the app at least once per day 
on 30 days and complete the daily trip with the interven-
tion. The participants can use Breeze more often on any 
given day, but 30 different days are needed to complete 
the intervention and be eligible for compensation. Sec-
ond, participants need to complete the additional ques-
tions at baseline (T0, waitlist control group only), the start 
of the intervention (T1), the half-time (T2), and the final 
assessment (T3) within the once-per-day guided interac-
tion. Third, participants must complete the intervention 
in 30–45 days to receive a compensation of 40 CHF. Par-
ticipants needing more than 45 days will not receive any 
financial compensation. Forth, participants completing 
the intervention in 30–40 days have the chance to win 
additional monetary compensation in a raffle (ten times 
100 CHF, ten times 200 CHF, five times 300 CHF). Par-
ticipants in the smartwatch group are not eligible for 
this raffle but can keep the smartwatch if they complete 
the intervention in 30-40 days. Since we are not col-
lecting any personal information about the participants 
enforcing participants with insufficient data to return the 
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smartwatch is not feasible. However, we strongly urge the 
participant in the final interaction to return the smart-
watch if they did not provide sufficient data.

Measurements and assessment times
Table 2 provides an overview of the measurements used 
at baseline (T0), the intervention’s start (T1), half-time 
(T2), the end of the intervention (T3), and during each 
daily interaction (Daily). We collect demographic data 
(age, gender, type of student, highest education level, 
occupation, or field of study) through open and multiple-
choice questions at the start of the study.

Voice and breathing sounds
We developed speech commands to capture commonly 
occurring and easily measured speech interactions. The 
commands are designed to be realistic in a setting out-
side of a study, meaning their length is similar to an inter-
action when giving commands to a voice assistant but 

also fit in the general story and setting of BEDDA. We 
implemented the voice commands in Breeze. To start and 
finish Breeze, the participants are visually instructed to 
say the three simple sentences before and after described 
above. Besides these voice interactions, we also derive the 
breathing sounds from Breeze. As the participant follows 
a guided breathing training each session with Breeze pro-
vides a set of inhalation, exhalation, and pause sounds.

Audio features
From the different voice commands, we will extract dif-
ferent features reported in related work [16, 22]. We will 
extract vocal folds features (i.e., source features, e.g., jit-
ter [%], shimmer [%], tremor [Hz]), vocal tract filter fea-
tures (e.g. F1 mean [Hz], F2 mean), and prosodic features 
(i.e., melodic, e.g., F0 mean, F0 variability, intensity [dB]). 
We will approach the extraction of acoustic breath-
ing features in a more exploratory way since less related 
work exists regarding breathing-based biomarkers for 

Fig. 9  Interactions overview. Initial, daily, half-time, and final interaction within the intervention. After T0, the waitlist group will receive no further 
interaction until the intervention phase starts for this group, two weeks later with the interaction at the start of the intervention (T1). Note: T0: 
Assessment at baseline for control group only. T1: Start of intervention with start interaction and assessment. T2: Half-time of intervention with 
half-time interaction and assessment. T3: End of intervention with final interaction and assessment. Figure created by Gisbert W. Teepe as part of his 
employment at the Center for Digital Health Interventions
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depression. For the analysis of breathing sounds, we plan 
to look at the spectrograms, MFCCs, and GTCCs of the 
recorded breathing sounds used in previous work [91, 
92].

Proximal and distal outcomes
Following our conceptual model, we measure proximal 
and distal outcomes. Proximal outcomes are the symp-
tom changes and physiological data changes (e.g., HRV, 
physical activity, sleep) due to the daily interactions, 
while distal outcomes are the symptom severity changes 
over the course of the intervention. For the investiga-
tion of efficacy, we use both proximal outcomes (daily 
reported symptoms) and distal outcomes (symptom 
severity changes).

For the daily measurements (i.e., proximal outcomes) 
before and after interacting with Breeze, we use the 
Multidimensional Mood State Questionnaire (MDMQ) 
[88, 89], which has the three dimensions mood, agita-
tion, or anhedonia, and two versions (Version A and B). 
We will infer one of the dimensions using the two ver-
sions (one before and one after interacting with the main 
component Breeze) at each daily interaction. For exam-
ple, on a given day, the randomly chosen dimension is 
mood. Then, another draw determines that the questions 

from version A should be used to measure mood before 
Breeze. In turn, the questions from Version B are used 
to measure mood after Breeze. To ensure equal distri-
bution of the daily drawn dimensions and versions, we 
use a block design consisting of the six question sets 
(MoodA, MoodB, AgitationA, AgitationB, AnhedoniaA, 
AnhedoniaB) and draw from this set until each was drawn 
once before starting with a new block for the following 
six days.

Our primary distal outcome is depression symptom 
severity, which we measure using the PHQ-9. The PHQ-9 
is a subset of the Patient Health Questionnaire [44] and 
focuses on major depressive disorder. It is used to meas-
ure the severity of symptoms of depression in general 
medical and mental health settings [44]. Our secondary 
distal outcomes are anxiety (measured using the GAD-
7) and stress (measured using the TICS). The General 
Anxiety Disorder-7 Questionnaire (GAD-7) is a clinically 
validated instrument to screen for symptom severity for 
the four most common anxiety disorders (Generalized 
Anxiety Disorder, Panic Disorder, Social Phobia, and Post 
Traumatic Stress Disorder) [87]. The Trier Inventory of 
Chronic Stress Short Version (TICS) measures all nine 
domains of the systemic-requirement-resource model 
of health [93] of an individual. It is the short version 

Fig. 10  MDMQ symptom and version of the day. Selection process of which symptom is chosen for the day. First (far left, top), the app draws 
randomly whether Mood, Agitation, or Anhedonia is measured on a given day. Second (second box, top), the app draws randomly whether version 
A or version B of the symptom drawn in step one is presented first. Third (third box, top), the participant interacts with Breeze. Fourth, the app 
presents the remaining version of the symptom drawn of the day. In the bottom part of the figure, different draws are illustrated. The first one 
illustrates that on a given day Mood was randomly chosen as a symptom. The random draw determines that version A is presented first, followed by 
version B after interacting with Breeze. Below this, further examples are illustrated
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developed from the original long version of the Trier 
Inventory for Chronic Stress [94]. All distal outcomes are 
measured at T0, T1, T2, and T3 to determine symptom 
severity and to assess the efficacy BEDDA.

Other measurements
To measure the therapeutic alliance between BEDDA and 
the participants, we will use the Working-Alliance Inven-
tory (WAI) [64]. We will use further qualitative open 

Table 2  Measurements used in the study at the different assessment times

Intervention days are repeated measures collected over each day when completing the daily trip. 1Each day one of three dimensions (mood, agitation, anhedonia) is 
used. X2 Only while Breeze is used. X3 Only in the smartwatch group

Measurement Screening T0 T1 T2 T3 Daily Objective

Pregnant, Resp., Card., mental disease X – – – – – –

Demographics – – X – – – –

Distal outcomes

PHQ-9 X X X X X – 2,3

GAD-7 X X X X X – 2,3

TICS – X X X X – 2,3

Proximal outcomes

MDMQ1 – – – – – X 1,3

Audio features

Voice commands – – X2 X2 X2 X2 1,2

Breathing sounds – – X2 X2 X2 X2 1,2

Conversational agent

Reaction time to chatbot messages – X X X X X 1,2

Therapeutic alliance – – – – X – 3

Qualitative feedback

Willingness continue using BEDDA – – – – X – 3

Willingness pay for BEDDA – – – – X – 3

Improvements suggestions – – – – X – 3

Breathing exercise Breeze

Location – – – – – X 3

Perceived breathing detection accuracy – – – – – X 3

Accelerometer – – – – – X2 1,2

Gyroscope – – – – – X2 1,2

Magnetometer – – – – – X2 1,2

Light sensor – – – – – X2 1,2

Ambient temperature sensor – – – – – X2 1,2

Humidity sensor – – – – – X2 1,2

Pressure sensor – – – – – X2 1,2

Step counts since start – – – – – X2 1,2

Proximity sensor – – – – – X2 1,2

Smartwatch groups

Physical activity – – – – – X3 1,2,3

Heart-rate – – – – – X3 1,2,3

Heart-rate variability – – – – – X3 1,2,3

Sleep duration, length of sleep phases – – – – – X3 1,2,3

Oxygen saturation – – – – – X3 1,2,3

Respiration rate – – – – – X3 1,2,3

Stress level – – – – – X3 1,2,3

Skin temperature – – – – – X3 1,2,3

Motion-based activity – – – – – X3 1,2,3

Steps – – – – – X3 1,2,3
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answer questions regarding BEDDA and Breeze at T3. 
Furthermore, we will ask where the participant is con-
ducting the breathing training before starting Breeze and 
how accurately the breathing detection was on that day 
after Breeze (daily). During the interaction with Breeze, 
we also collect additional sensor data from the following 
sensors if they are present on the device: accelerometer, 
gyroscope, magnetometer, light sensor, ambient tem-
perature sensor, humidity sensor, pressure sensor, step 
counter (since app start), and proximity sensor. The other 
sensors provide more information about the surround-
ings during the breathing training and help determine 
whether the person is doing the exercise correctly (e.g., 
steps taken during the training).

Smartwatches
Participants in the smartwatch groups (intervention and 
waitlist) will receive a smartwatch (Garmin Vívosmart 4 
Smartwatch, Garmin International Inc., 1200 East 151st 
Street, Olathe, KS 66062, USA) at the start of the study. 
The measurements recorded by the smartwatch are 
heart-rate and heart-rate variability (via inter-beat-inter-
vals), oxygen saturation, respiration rate, motion-based 
activity (3-axis accelerometer), stress level, sleep, skin 
temperature, and steps.

Estimation of sample size
Sample size calculations for machine learning 
approaches, such as for objectives one and two, are less 
rigorously described compared to sample size estima-
tions for investigation of efficacy. Therefore, we calcu-
lated the sample size needed for objective three and used 
this number of participants to estimate the expected cor-
relation between features and outcomes for objectives 
one and two.

The third objective of our study is to investigate the 
efficacy of BEDDA. We operationalized this with three 
assessment times (at the start of the intervention, after 
15 interactions, and after 30 interactions) in two groups 
(intervention and waitlist control). Assuming a small 
effect (Cohen’s d = 0.225), a power of 0.8, and an alpha 
level of.05, we calculated that we need at least 194 to 
detect an existing effect of BEDDA compared to control. 
Regarding our first and second objectives, we calculated 
that when 194 participants provide data, assuming a 0.05 
alpha level and a power of 0.8, a Pearson moment cor-
relation coefficient of 0.23 would be necessary for a sig-
nificant result. Low et al. [22] reported a median number 
of participants for studies investigating voice changes in 
depression of 123 (with a range from 11 to 1688). With 
the estimated 194, we are above the mean but in a rea-
sonable range.

Related work collecting data for the development of 
DBMs has reported a mean adherence rate of 86.6% [40]. 
Due to the extended assessment period, we assume a 
greater attrition rate. However, we also consider specific 
elements of our study (monetary incentives, storytell-
ing, and gamification) that may lead to increased adher-
ence. Considering these factors, we expect a dropout rate 
of approximately 20%, slightly greater than the dropout 
rate reported in related work [40]. Assuming this dropout 
rate, we aim to initially enroll 220 participants.

Planned analysis
We plan different analyses for the different research 
objectives, which we will describe in this section. This 
description cannot be holistic for the machine learn-
ing analyses (first and second objective), as we plan to 
explore different machine learning algorithms. For an ini-
tial overview, we aim to provide a distribution of the daily 
measured proximal symptoms and the measured distal 
severity. The choice of algorithms will depend on the 
observed performance of the resulting models. Regard-
less of the analysis, we will split the data into a training 
and a hold-out testing set. Using the training set, we will 
train and evaluate machine learning algorithms using 
cross-validation. This will allow us to compare machine 
learning algorithms, including different feature extrac-
tion pipelines, and determine which performs best. In a 
final step, we will use the hold-out test set to verify the 
cross-validation results by evaluating the resulting mod-
els on completely unseen data.

For the first objective, we plan to investigate different 
supervised regression models to predict mood, agitation, 
and anhedonia. We aim to use the following data sources: 
self-reported mood, agitation, and anhedonia (MDMQ), 
voice sounds, breathing sounds, reaction time, and physi-
ological smartwatch data. Due to the availability of both 
features (voice, breathing, and physiological features) and 
labels (self-reported mood, agitation, and anhedonia), we 
will focus on supervised machine learning models. We 
aim to try different machine learning algorithms, such 
as but not limited to multivariate linear regression mod-
els, random forest, and multilayer perceptron models. 
We will also explore explained variance by the voice and 
breathing features in self-reported and physiological data 
using a triangulation approach [95] to determine whether 
DBMS can be used as an alternative or complementary 
assessment for symptoms of depression.

For the second objective, we will proceed in a compa-
rable matter. However, the dependent variables in these 
models are the symptom severity assessed by the PHQ-9 
(depression), GAD-7 (anxiety), and TICS (stress). The 
independent variables remain the same (voice, breathing, 
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physiological) with a potential extension of using the 
developed symptom markers from the second objective 
as additional independent variables. Due to only three 
assessment times (T1, T2, T3) resulting in three measure-
ments for each participant, we will not be able to develop 
intra-subject models but will focus on generalizable 
models for the entire population. Similar to the second 
objective, we will also infer whether voice and breathing 
are complementary or alternative markers using a trian-
gulation approach [95].

For the third objective, the estimation of efficacy, we 
differentiate between proximal and distal outcomes. We 
based this analysis on a the micro-randomized trial as 
introduced by Klasnja et  al. [59]. However, we have the 
limitation that the outcomes measured are randomized 
and not the component. Therefore, we will use Gener-
alized Estimating Equations (GEE; e.g., [96, 97]) to ana-
lyze the changes in proximal outcomes. Distal outcomes 
are the symptom severity changes as determined by the 
PHQ-9 (depression), GAD-7 (anxiety), and TICS (stress). 
As stated above in the section regarding sample size esti-
mation, the primary distal outcome is symptom severity 
of depression. Due to this focus, our first analysis will 
be a two-way mixed ANOVA (2 groups × 3 measure-
ment times). To investigate post-hoc, whether other fac-
tors such as belonging to the smartwatch group, age, and 
gender have an impact on a potential reduction of sever-
ity, we aim to use mixed effect linear regression (hierar-
chical groups such as intervention and smartwatch vs. 
no-smartwatch groups). In later analyses, we will inves-
tigate intercorrelations between the different depend-
ent variables (PHQ-9, GAD-7, TICS) using a two-way 
mixed MANOVA (2 groups × 3 measurement times × 
3 outcomes). We may compute additional MANOVAs 
comparing theoretically or empirically connected physi-
ological outcomes to the three distal outcomes if physi-
ological data allow such analyses.

Discussion
In this longitudinal waitlist-control field study, we aim 
to collect data to improve digital health interventions 
addressing subclinical depression. We strive to do so by 
combining two main research streams in digital health: 
sensing (i.e., the development of DBMs to measure, 
understand, and predict changes in various diseases) and 
support (i.e., the development of standalone or blended 
digital therapeutics). While research in both domains 
has been conducted, for example, investigating the effect 
sizes of a just-in-time adaptive intervention [15], we 
aim in this study to extend these findings to a less con-
trolled setting. This evaluation of efficacy is needed since 

previous work showed that the most popular and publicly 
available apps do not yet employ passive sensing to tailor 
their interventions and the majority were not evaluated 
in real-world randomized controlled trials [43].

Methodologically, our study may also offer further 
explanations regarding the underlying mechanisms of 
subclinical and clinical depression. Using our differ-
ent analyses, we seek to understand whether voice- and 
breathing-based DBMs can either complement (i.e., 
providing explanations on a psychophysiological level) 
or substitute (i.e., replace used instruments describing 
mental state) existing approaches using self-reports to 
infer subclinical depression severity and symptoms of 
subclinical depression. By doing so, we aim to under-
stand which physiological changes influencing speech 
and breathing may also drive changes in severity and 
symptoms of depression.

Finally, our study investigates to what degree an 
intervention consisting of different components 
(Breeze, daily wisdom, storytelling, gamification) 
encased by a conversational agent (BEDDA) improves 
symptoms of subclinical depression (proximal out-
comes: mood, agitation, anhedonia), the severity of 
subclinical depression (primal distal outcome: PHQ-9), 
and the severity subclinical anxiety and stress (second-
ary distal outcome: GAD-7, TICS). With this, we aim to 
provide further evidence regarding the efficacy of stan-
dalone digital health interventions for the prevention of 
depression.
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