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The present Special Issue of Journal of Clinical Medicine includes a series of important papers that
aim to further the evidence base of innovative technological advances in the screening and treatment
of mental health, and to further our understanding of their implications for mental health care.

The article by Colombo et al. [1] provides a systematic review of technology-based ecological
momentary assessment (EMA) and ecological momentary intervention (EMI) for Major Depressive
Disorder (MDD). EMA refers to assessments that take place in the environment of the participant close
to the time of the experience. EMI refers to interventions in the environment of the participants close to
the time of the experience. Their systematic review identified 32 studies using EMA for the assessment
of MDD and eight studies targeting EMI. The authors concluded that the widespread adoption of
EMA for the investigation of MDD has led to novel insights into different aspects of the disease,
including emotion reactivity, cortisol patterns and daily rumination. This review found only four EMIs
for depression, two of which were tested in a randomized controlled trial (RCT). Although results seem
encouraging, more high-quality EMI trials are needed as well as improving individual tailoring and
engagement of EMAs and EMIs. Furthermore, the gap between research and clinical practice is quite
wide, as evidenced by the low number of studies in clinical settings. Elaborating on this topic, the
paper of Genugten et al. [2] investigated the experienced burden of and adherence to EMA in persons
with current affective disorders; remitted persons; and healthy controls. Results demonstrated that
EMAs are slightly more burdensome to persons with affective disorders but that that does not impact
adherence. They concluded that EMA is feasible to apply to persons with affective disorders.

The paper by Titov et al. [3] provides 10 lessons that the authors have learned while establishing and
delivering internet-delivered interventions through Digital Mental Health Services (DMHS) as part of
routine care. With their findings they anticipated that these lessons would help those launching similar
clinics. The authors learned that DMHS can improve access to care for those who really need care, that
DMHS deliver more than treatment services (namely, information and assessment services) and that
DMHS are used by a broad-cross-section of the population. Furthermore, it is important that robust
systems for therapist training are in place and supervision of therapists is essential. Additionally, specialist
skills to operate DMHS are required (e.g., developing expertise in the evaluation of risk via telephone or
online communication). The authors further learned about the importance of external-facing activities to
overcome challenges of integrating DMHS within health systems (e.g., the challenging complexity of
health systems and their resistance to change) and that DMHS can inform future mental health policy to
help improve the broader mental health system by presenting data drawn from a broad cross section of
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the community. Despite the challenges, the authors are highly optimistic about the potential of DMHS to
reduce the global burden of the high prevalence of mental health disorders. Elaborating on dissemination
of Internet-delivered treatment in routine care, the paper of Mol et al. [4] describes a qualitative study
targeting therapists’ perspectives of blended Internet-delivered interventions, specifically, cognitive
behavioural therapy (CBT). In blended Internet-delivered interventions, face-to-face treatment with a
therapist was combined with online therapy. The results demonstrated that therapists were positive
about blended CBT (bCBT) and that high uptake was expected but that therapists did not experience
time-savings—rather the opposite. In line with Titov et al. [3], they also reported that training therapists
is very important to overcome barriers of Internet-delivered CBT uptake. Challenges that were identified
included technical issues and a difficulty integrating bCBT in daily life. bCBT was also the focus of
research in the paper by Kooistra et al. [5]. In this paper, results from an RCT in which the working alliance
in bCBT vs. face-to-face CBT for depression in specialized mental health were reported. The authors
demonstrated that working alliance ratings were high in both groups by both patients and therapists.
This means that replacing a proportion of the face-to-face sessions with online sessions and online
therapist feedback did not have a negative effect on working alliance and treatment effect. The authors
noted that in the face-to-face CBT condition but not in bCBT, lower depression scores were associated
with higher alliance ratings. They concluded that the online component of bCBT may have led patients
to evaluate the working alliance differently from patients receiving face-to-face CBT only.

In the paper by Friedl et al. [6], the authors investigated what the most important predictors are
in determining optimal treatment allocation to treatment as usual or blended treatment. Furthermore,
they investigated if model-determined treatment allocation using this predictive information and the
personalized advantage index (PAI) approach would result in better outcomes. Using data from an
RCT comparing efficacy of treatment as usual and blended treatment in depressive outpatients, they
demonstrated that two prognostic predictors, namely, pre-treatment symptomatology and treatment
expectancy, influence optimal treatment allocation but that this needs to be tested empirically. Furthermore,
the results also showed an advantage of model-determined treatment allocation. One-third of the patients
had a PAI larger than 5, meaning they would have improved significantly if they had received their
“optimal” treatment.

In the paper of Moser et al. [7], the authors investigated an Internet-delivered self-help treatment
targeting adjustment problems. The authors used an RCT design among n = 98 participants that were
randomly assigned to care as usual (CAU) or CAU plus the online intervention. Results demonstrated
a comparable reduction of symptom burden in both groups, while significantly fewer depressive
symptoms and significantly higher quality of life were demonstrated in the experimental group.
The usability of the intervention was rated above average. These results suggest that their intervention
“Back to your own life” (German acronym: ZIEL), may contribute to the treatment of Adjustment
Disorder by means of a scalable low-barrier approach.

Finally, in the paper by Donker et al. [8], user engagement with a self-guided app-based virtual
reality (VR) CBT for acrophobia symptoms was examined. Results demonstrated that the majority of
participants continued to finish all VR levels and that self-reported fear consistently decreased between
the start and finish of level. The authors suggest that it might be more beneficial to play one level for a
longer time period instead of practicing many VR levels. Most participants progressed effectively to
the highest self-exposure level, despite the absence of a therapist.

All in all, results from the papers in this Special Issue show that technological interventions can
increase the scalability and dissemination of treatment for patients in need, and that they do not
affect treatment outcome or working alliance, although there are many barriers to overcome, such as
training of therapists, technical problems and complex health care systems. More research is needed to
investigate such interventions in naturalistic settings.

Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflict of interest.
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Abstract: Ecological momentary assessment (EMA) and ecological momentary intervention (EMI)
are alternative approaches to retrospective self-reports and face-to-face treatments, and they make
it possible to repeatedly assess patients in naturalistic settings and extend psychological support
into real life. The increase in smartphone applications and the availability of low-cost wearable
biosensors have further improved the potential of EMA and EMI, which, however, have not yet been
applied in clinical practice. Here, we conducted a systematic review, using the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines, to explore the state of the
art of technology-based EMA and EMI for major depressive disorder (MDD). A total of 33 articles
were included (EMA = 26; EMI = 7). First, we provide a detailed analysis of the included studies
from technical (sampling methods, duration, prompts), clinical (fields of application, adherence
rates, dropouts, intervention effectiveness), and technological (adopted devices) perspectives. Then,
we identify the advantages of using information and communications technologies (ICTs) to extend
the potential of these approaches to the understanding, assessment, and intervention in depression.
Furthermore, we point out the relevant issues that still need to be addressed within this field, and we
discuss how EMA and EMI could benefit from the use of sensors and biosensors, along with recent
advances in machine learning for affective modelling.

Keywords: major depressive disorder; ecological momentary assessment; ecological
momentary intervention

1. Introduction

Major depressive disorder (MDD) is a common debilitating psychiatric disease characterized by
mood disturbances, loss of interest and pleasure in daily activities, disturbed appetite and sleep, loss
of energy, and psychomotor retardation or agitation. According to the World Health Organization,
depression is one of the leading causes of disease and disability in the world, annually affecting 4.4%
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of the general adult population [1]. In addition to producing high costs for the public health system,
depression seriously impairs patients’ functioning, leading to increased mortality, high suicide rates,
exacerbated medical conditions, and high consumption of alcohol and illegal drugs [2–5].

As a result of the increased availability of smartphones and portable and wearable devices,
a growing body of research has begun to explore new digital technologies as potential tools to foster
assessments and interventions in clinical practice. More specifically, technology-based ecological
momentary assessment (EMA) and ecological momentary intervention (EMI) have been proposed as
alternative strategies to assess patients ecologically in naturalistic settings and deliver psychological
support in daily life.

1.1. Ecological Momentary Assessment

Traditional clinical assessments are based on retrospective self-reports in which patients are
asked to summarize their symptoms and affective experiences over the past few weeks. Nevertheless,
increasing evidence shows that these tools are not able to capture MDD dynamics, such as symptom
fluctuations or mood shifts over time [6,7]. Likewise, self-reports are affected by recall bias. In other
words, depressed patients have been found to alter the content of past experiences when asked to
retrieve them retrospectively [8,9], judging symptoms as more severe [10] or increasing the elaboration
of negative information [11].

EMA emerged as an alternative assessment strategy to better grasp affective and behavioural
dynamics in daily life [12–14]. Not surprisingly, a growing body of research has applied this approach
to exploring mood disorders [15,16]. On the one hand, the term “ecological” refers to the environment
where the data are collected. Behaviours, thoughts, and affect are repeatedly written down in real-world
contexts. On the other hand, the term “momentary” refers to the focus of the assessment, i.e., close in
time to the experience. The first studies to use this approach adopted paper-and-pencil daily diaries,
but the discomfort, low compliance, and low experimental control over backfilling made them not very
efficacious [14]. The exponential progress of information and communication technologies (ICTs) and
the increasing availability of smartphones offered novel opportunities to ecologically assess patients.
On the one hand, mobile technologies allow the shortcomings of traditional diaries to be overcome by
eliminating the need for manual data entry and by increasing control on backfilling, thus obtaining more
accurate data. On the other hand, all the necessary processes can be integrated in one tool, for instance,
a smartphone, thus decreasing intrusiveness and increasing users’ comfort, and providing a more
engaging and dynamic experience. During the day, indeed, patients are automatically prompted by the
device to fill in self-reports that are subsequently stored and safely sent to clinicians and/or researchers.
More recently, the potential of EMA was extended due to the integration of self-reports with data
gathered from embedded sensors and wearable biosensors, hence allowing for a multimodal approach.
Unobtrusive wearable biosensors can continuously monitor physiological parameters throughout the
day with high precision [17], whereas smartphone embedded sensors make it possible to indirectly
collect data about patients’ behaviours and habits, such as their social media use, physical activity,
or social interactions [18,19]. Overall, the integration of these tools has the potential to revolutionize
traditional assessments, leading to the exploration of new facets of MDD obtained in daily life contexts
that are often difficult to capture in laboratory settings.

1.2. Ecological Momentary Intervention

According to statistics, 70% of people suffering from mental disorders do not receive adequate
psychological treatment or reach complete clinical remission [20]. Affordances of technological
developments, as Kazdin and Blase suggested, may facilitate new solutions for disseminating
evidence-based psychotherapy [21].

The same “ecological” and “momentary” principles have been applied to the development of
innovative interventions (EMI) [22] that go beyond traditional clinical settings and extend the delivery
of psychological support into real life [23]. EMI has the advantage of providing psychological support
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directly on hand-held mobile technologies during the flow of daily experiences, in real-time settings,
and at specific time points in the day, without the need for face-to-face meetings with a clinician [24].
EMIs can be delivered both as stand-alone treatments or in combination with other treatments.
Moreover, similarly to EMAs, the use of data gathered from biosensors and embedded sensors along
with machine learning techniques can increase the customization of the proposed interventions [16,25].

1.3. Objectives

Recent studies have confirmed the feasibility of mobile health (mHealth) applications and patients’
interest in and adherence to these technologies, suggesting the great potential of this approach in the
clinical field [23,26]. Nevertheless, no systematic review has explored technology-based EMA and EMI
for MDD to date. Although two reviews focused on EMAs for mood disorders [15,16], most of the
included studies were based on paper-and-pencil daily diaries, and the target population included
adults and adolescents with bipolar disorder (BD) and borderline personality disorder (BPD).

Coinciding with our field of interest, the aim of this systematic review is to provide an overview of
the state of the art of technology-based EMA and EMI for MDD from both a clinical and technological
point of view. Our final objective is to show how and why clinical practice could benefit from the use
of these approaches. In doing so, we will describe the potential of new technologies in this field, and
we will discuss how EMAs and EMIs could be performed with sensors and biosensors along with
recent advances in machine learning for affective modelling.

2. Methods

Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) criteria [27] were
followed. For the systematic review protocol, see [28].

2.1. Search Strategy

To collect relevant publications, a computer-based search was performed (March 2019).
We searched in two high-order databases, PubMed and Web of Science (Web of Knowledge), using the
following string: ((EMA) OR (“ecological momentary assessment”) OR (EMI) OR (“mobile health”)
OR (mhealth) OR (smartphone) OR (“ecological momentary intervention”) OR (ESM) OR (“experience
sampling method”) OR (“ambulatory assessment”) OR (“personal digital assistant”) OR (“ambulatory
monitoring”) OR (“real time data capture”) OR (“real time monitoring”) OR (“real time interventions”)
OR (“electronic diary”) OR (“repeated observations”) OR (“diary data”) OR (“time series”)) AND
((“affective disorder”) OR (“mood disorder”) OR (depress*) OR (depression) OR (MDD) OR (“major
depressive disorder”) OR (“major depression”) OR (“unipolar depression”) OR (“affective symptoms”).

This search produced a total of 4993 articles. After eliminating duplicate papers, we made a first
selection by reading titles and abstracts, and 401 articles were retrieved. We finally selected publications
by applying the selection criteria described in the following paragraph, obtaining 40 papers.

Three individual researchers (D.C., J.F.-Á., and M.S.) performed the search for publications in the
English language. More details are provided in Table 1 and in the flow diagram (Figure 1), in order to
make this search replicable in the future.
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Table 1. Detailed search strategy.

Process Results

PubMed/Medline 2758
Web of Science 2235

Total 4993
Not duplicated 3613

Excluded (after reading title and abstract) 3212
Retrieved 401

Excluded (after applying inclusion criteria) 361
Excluded (missing experimental data) 0

Final included articles 40

 

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram.

2.2. Selection Criteria

We included all studies involving a sample of adults with a primary (both current or past)
diagnosis of MDD, using recognised diagnostic criteria (Diagnostic and Statistical Manual of Mental
Disorders—DSM; International Classification of Disease—ICD). We excluded non-English papers and
studies that did not meet the inclusion criteria. We also excluded articles that did not have full-text
available, and the following types of manuscripts: Conference papers, reviews and systematic reviews,
metanalyses, meeting abstracts, notes, case reports, letters to the editor, editor’s notes, extended
abstracts, proceedings, patents, editorials, and other editorial materials. We tried to contact the
corresponding authors, when necessary, to obtain missing or supplementary data.

Ecological momentary assessment: We included studies that adopted an ecological momentary
assessment by means of hand-held technologies (such as smartphones, personal digital assistants,
or hand-held computers) for the collection of daily self-reports, thus excluding studies that used
paper-and-pencil diaries. Additionally, we included studies that integrated daily self-reports with data
supplied by sensors and biosensors.

Ecological momentary interventions: We included EMIs that were provided to patients through
hand-held technologies. We selected studies in which the proposed EMI was either a stand-alone
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intervention or combined with other types of treatment. We also included EMI that collected data from
wearable biosensors or device-embedded sensors. Because providing continuous feedback to patients
has been shown to be a valuable therapeutic procedure [29], we also included studies that adopted
EMA-based feedback as a therapeutic tool for clinically depressed patients.

2.3. Quality Assessment and Data Abstraction

To control for the risk of bias, PRISMA recommendations for systematic literature analysis were
followed. Studies were independently selected by three different authors (D.C., M.S., and J.F.-Á.), who
first analysed titles and abstracts and subsequently selected the full papers that met the inclusion
criteria, resolving disagreements through consensus. For what concerns the EMA included studies,
the main aim was to provide a perspective of clinical, technical, and technological issues related to
this approach: In other words, we were interested in EMA as a clinical and experimental tool to be
used in the psychological field, regardless of the study design or variables of outcome (Colombo et al.,
2018). No risk of bias assessment was therefore performed. Differently, risk of bias of EMI studies was
assessed by two independent reviewers (D.C and J.F.-Á.). As both randomized and non-randomized
controlled trials were included, quality assessment was assessed with the Downs and Black quality
index [30].

The data extracted from each study were as follows: Author(s), sample(s), variable(s), device(s),
sensor(s), duration, prompt(s) per day, sampling schema, primary outcome(s) for the selected studies
on EMA (Table 2); and author(s), name of the intervention, sample(s), content of the intervention,
duration, device(s), sensor(s), and primary outcome(s) for the studies proposing an EMI (Table 3).

3. Results

3.1. Ecological Momentary Assessment in MDD

After applying the inclusion criteria, 32 studies were retrieved that investigated and assessed
MDD through a technology-based EMA.

A synthesis of the results is provided in Table 2.

3.1.1. Electronic Devices and Use of Sensors

Most of the selected studies administered daily self-reports either through a personal digital
assistant (PDA) or a smartphone. Only three studies adopted different technological solutions
that allowed them to collect both self-reports and data gathered from sensors and biosensors.
Conrad et al. [31] used the LifeShirt System (Vivometrics, Inc., Ventura, CA, USA), a comfortable
garment with integrated biosensors that can continuously monitor various cardiopulmonary parameters,
including heart rate (HR), respiration, and posture. With an embedded hand-held computer, patients
can also complete self-reports following daily beep signals. In another study, Kim and colleagues
adopted ECOLOG [32], a watch-type computer characterized by an 8-direction joystick and an
integrated actimetry sensor. Via a beep signal, the wristwatch prompts patients to complete momentary
assessments directly on the watch screen. Similarly, a compact wrist–worn electronic diary was used
by Littlewood et al. to collect both self-reports and sleep/wake cycles with an embedded actimetry
sensor [33].

Although a growing number of studies analyse data from embedded-sensors and biosensors in
research on mental health disorders [34], their use in association with EMA has been low in the field
of MDD. Among our selected studies, only seven of the 32 studies collected physiological measures
in addition to self-reports. Conrad and colleagues collected cardiac and respiratory measures as
indices of vagal activity, along with physical activity measured through an embedded actimetry
sensor [31], whereas Ottaviani and colleagues collected ambulatory HR [35]. The remaining five
articles investigated the association of depressive symptoms with sleep/wake cycles [32,33,36] and
physical activity [37,38] using actimetry sensors.

9



J. Clin. Med. 2019, 8, 465

T
a

b
le

2
.

M
or

e
de

ta
ile

d
in

fo
rm

at
io

n
ab

ou
tt

he
se

le
ct

ed
Ec

ol
og

ic
al

M
om

en
ta

ry
A

ss
es

sm
en

ts
tu

di
es

.

A
u

th
o

rs
S

a
m

p
le

V
a
ri

a
b

le
s

D
e
v

ic
e
(s

)
D

u
ra

ti
o

n
P

ro
m

p
ts

P
e
r

D
a
y

S
a
m

p
li

n
g

S
ch

e
m

a
C

o
m

p
li

a
n

ce
S

e
n

so
r(

s)
P

ri
m

a
ry

O
u

tc
o

m
e
(s

)

R
e
ca

ll
b

ia
s

[8
]

M
D

D
(n
=

26
),

an
d

H
C

G
(n
=

25
)

A
ff

ec
t

Pa
lm

Tu
ng

st
en

E2
7

da
ys

8
Se

m
i-r

an
do

m
iz

ed
89

%
N

o
Bo

th
de

pr
es

se
d

an
d

no
n-

de
pr

es
se

d
pa

rt
ic

ip
an

ts
ov

er
es

ti
m

at
e

th
e

re
tr

os
pe

ct
iv

e
re

ca
ll

of
PA

an
d

N
A

.
D

ep
re

ss
ed

pa
ti

en
ts

ar
e

m
or

e
in

ac
cu

ra
te

in
re

ca
lli

ng
N

A
.

[2
6]

M
D

D
(n
=

13
)

R
an

do
m

iz
ed

it
em

s
fr

om
PH

Q
-9

qu
es

ti
on

na
ir

e

“M
in

df
ul

M
oo

ds
”

m
ob

ile
ap

pl
ic

at
io

n
29
/3

0
da

ys
3

R
an

do
m

iz
ed

78
%

N
o

Ev
en

if
st

ro
ng

ly
co

rr
el

at
ed

,t
he

PH
Q

-9
sc

or
es

co
lle

ct
ed

th
ro

ug
h

th
e

m
ob

ile
ap

pl
ic

at
io

n
ar

e
si

gn
ifi

ca
nt

ly
hi

gh
er

th
an

th
os

e
ob

ta
in

ed
th

ou
gh

th
e

re
tr

os
pe

ct
iv

e
pa

pe
r-

an
d-

pe
nc

il
PH

Q
-9

.

S
y

m
p

to
m

s
m

o
n

it
o

ri
n

g

[3
9]

M
D

D
(n
=

20
),

an
d

BD
(n
=

21
)

A
ff

ec
t;

st
re

ss
or

s;
be

ha
vi

ou
rs

;e
nv

ir
on

m
en

t;
so

ci
al

co
nt

ex
t

PD
A

3
da

ys
5

Fi
xe

d
sa

m
pl

in
g

sc
he

m
e

85
.7

%
N

o
H

ig
h

ra
te

s
of

ac
ce

pt
an

ce
an

d
co

m
pl

ia
nc

e
ar

e
ob

se
rv

ed
am

on
g

bo
th

sa
m

pl
es

.P
ar

ti
ci

pa
nt

s
sh

ow
a

pr
ac

ti
ce

eff
ec

t,
i.e

.,
fa

st
er

re
sp

on
se

s
ov

er
th

e
co

ur
se

of
th

e
st

ud
y.

[4
0]

M
D

D
(n
=

26
)

D
ep

re
ss

iv
e

an
d

an
xi

et
y

sy
m

pt
om

s

Pa
lm

Tr
eo

65
0

Sm
ar

tp
ho

ne
(M

en
ta

lH
ea

lt
h

Te
le

m
et

ry
m

ob
ile

ap
pl

ic
at

io
n)

14
da

ys
1

Se
le

ct
ed

by
th

e
pa

ti
en

t
N

ot
sp

ec
ifi

ed
N

o
Se

lf
-r

ep
or

te
d

ra
ti

ng
s

of
im

pr
ov

em
en

ta
td

ay
7

pr
ed

ic
t

re
sp

on
se

to
th

e
tr

ea
tm

en
t.

[4
1]

M
D

D
(n
=

59
)

Sy
m

pt
om

s,
sl

ee
p

pa
tt

er
ns

,
co

gn
it

iv
e

fu
nc

ti
on

in
g

iH
O

PE
sm

ar
tp

ho
ne

ap
pl

ic
at

io
n

8
w

ee
ks

2
(s

ym
pt

om
s)

N
ot

sp
ec

ifi
ed

N
ot

sp
ec

ifi
ed

N
o

Ba
se

lin
e

de
pr

es
si

on
sc

or
es

ev
al

ua
te

d
w

it
h

H
A

M
-D

ar
e

as
so

ci
at

ed
w

ith
sc

or
es

of
PH

Q
-9

,V
A

S
fo

r
de

pr
es

si
on

an
d

an
xi

et
y

sy
m

pt
om

s
co

lle
ct

ed
w

it
h

th
e

ap
pl

ic
at

io
n.

1
(s

le
ep

du
ra

ti
on

an
d

qu
al

it
y)

C
o

rt
is

o
l

[4
2]

M
D

D
(n
=

32
),

m
D

(n
=

18
),

an
d

H
C

G
(n
=

50
)

D
ai

ly
ac

ti
vi

ti
es

(f
re

qu
en

cy
,

so
ci

al
co

nt
ac

ts
);

co
rt

is
ol

Pa
lm

Pi
lo

tM
10

0
4

da
ys

(o
ve

r
a

m
ax

im
um

pe
ri

od
of

7
da

ys
)

4
(s

al
iv

a
sa

m
pl

es
)

Fi
xe

d
sa

m
pl

in
g

sc
he

m
e

N
ot

sp
ec

ifi
ed

N
o

In
th

e
co

nt
ro

ls
am

pl
e,

da
ily

ac
ti

vi
ti

es
ar

e
ne

ga
ti

ve
ly

as
so

ci
at

ed
w

it
h

co
rt

is
ol

le
ve

ls
.T

hi
s

as
so

ci
at

io
n

is
no

t
ob

se
rv

ed
in

de
pr

es
se

d
pa

ti
en

ts
.

1
(s

el
f-

re
po

rt
)

[4
3]

M
D

D
(n
=

37
),

an
d

H
C

G
(n
=

36
)

Sl
ee

p
pa

tt
er

ns
;s

oc
ia

l
co

nt
ac

ts
;c

or
ti

so
l

Pa
lm

Pi
lo

tM
10

0
3

no
n-

co
ns

ec
ut

iv
e

da
ys

(o
ve

r
a

m
ax

im
um

pe
ri

od
of

7
da

ys
)

3
(s

al
iv

a
sa

m
pl

es
)

Fi
xe

d
sa

m
pl

in
g

sc
he

m
e

93
%

N
o

D
ep

re
ss

ed
pa

ti
en

ts
sh

ow
lo

w
er

co
rt

is
ol

aw
ak

en
in

g
re

sp
on

se
,l

ow
er

sl
ee

p
qu

al
it

y,
an

d
m

or
e

ne
ga

ti
ve

so
ci

al
in

te
ra

ct
io

ns
.

1
(s

el
f-

re
po

rt
)

[3
1]

M
D

D
(n
=

46
)a

nd
H

C
G

(n
=

19
)

Ph
ys

io
lo

gi
ca

li
nd

ic
es

(H
R

,
re

sp
ir

at
io

n,
ac

ce
le

ro
m

et
er

,
co

rt
is

ol
);

m
oo

d

Li
fe

Sh
ir

tS
ys

te
m

,
w

ith
an

in
te

gr
at

ed
ha

nd
-h

el
d

co
m

pu
te

r

1
da

y
6

(s
el

f-
re

po
rt

s)
Fi

xe
d

sa
m

pl
in

g
sc

he
m

e

91
%

Li
fe

Sh
ir

t
Sy

st
em

(H
R

,
re

sp
ir

at
io

n,
ac

ti
gr

ap
hy

)

C
or

ti
so

ll
ev

el
an

d
H

R
V

do
no

td
iff

er
be

tw
ee

n
th

e
tw

o
gr

ou
ps

.I
nt

er
es

ti
ng

ly
,N

A
is

ne
ga

ti
ve

ly
co

rr
el

at
ed

w
it

h
H

RV
on

ly
in

th
e

co
nt

ro
ls

am
pl

e.
5

(s
al

iv
a

sa
m

pl
es

)

[4
4]

R
em

it
te

d
M

D
D

(n
=

31
)a

nd
H

C
G

(n
=

32
)

M
oo

d;
ru

m
in

at
iv

e
se

lf
-f

oc
us

;s
tr

es
sf

ul
ev

en
ts

;
co

rt
is

ol
Pa

lm
Tu

ng
st

en
E2

2
co

ns
ec

ut
iv

e
da

ys
10

Se
m

i-r
an

do
m

iz
ed

94
%

N
o

R
um

in
at

io
n

an
d

lo
w

m
oo

d
ar

e
as

so
ci

at
ed

w
ith

in
cr

ea
se

d
ac

ti
va

ti
on

of
th

e
H

PA
A

.I
n

re
m

it
te

d
pa

ti
en

ts
,H

PA
A

is
le

ss
re

sp
on

si
ve

to
su

bt
le

em
ot

io
na

le
ve

nt
s.

[3
6]

M
D

D
(n
=

15
),

an
d

H
C

G
(n
=

15
)

A
ff

ec
t;

co
gn

it
io

n;
da

ily
ac

ti
vi

ti
es

;c
or

ti
so

l
Ps

yM
at

e
30

da
ys

3
Fi

xe
d

sa
m

pl
in

g
sc

he
m

e
92

.5
%

A
ct

iC
al

(R
es

pi
ro

ni
cs

,
Be

nd
,O

R
,

U
SA

)

C
om

pa
re

d
to

he
al

th
y

pa
rt

ic
ip

an
ts

,d
ep

re
ss

ed
pa

ti
en

ts
re

po
rt

hi
gh

er
co

rt
is

ol
le

ve
ls

,h
ig

he
r
α

-a
m

yl
as

e
le

ve
ls

,a
nd

a
gr

ea
te

r
ra

ti
o

of
α

-a
m

yl
as

e
ov

er
co

rt
is

ol
.T

hi
s

la
tt

er
as

so
ci

at
io

n,
ho

w
ev

er
,d

is
ap

pe
ar

s
w

he
n

co
rr

ec
ti

on
fo

r
lif

es
ty

le
fa

ct
or

s
is

ap
pl

ie
d.

[4
5]

M
D

D
(n
=

15
),

an
d

H
C

G
(n
=

15
)

A
ff

ec
t;

co
rt

is
ol

Ps
yM

at
e

30
da

ys
3

Fi
xe

d
sa

m
pl

in
g

sc
he

m
e

92
.5

%
N

o
PA

an
d

N
A

ar
e

bi
di

re
ct

io
na

lly
as

so
ci

at
ed

w
it

h
co

rt
is

ol
le

ve
ls

.N
ev

er
th

el
es

s,
th

e
di

re
ct

io
n,

si
gn

,a
nd

ti
m

in
g

of
th

is
as

so
ci

at
io

n
sh

ow
gr

ea
tv

ar
ia

bi
lit

y
am

on
g

su
bj

ec
ts

.

10



J. Clin. Med. 2019, 8, 465

T
a

b
le

2
.

C
on

t.

A
u

th
o

rs
S

a
m

p
le

V
a
ri

a
b

le
s

D
e
v

ic
e
(s

)
D

u
ra

ti
o

n
P

ro
m

p
ts

P
e
r

D
a
y

S
a
m

p
li

n
g

S
ch

e
m

a
C

o
m

p
li

a
n

ce
S

e
n

so
r(

s)
P

ri
m

a
ry

O
u

tc
o

m
e
(s

)

S
le

e
p

p
a
tt

e
rn

s

[4
6]

M
D

D
(n
=

35
),

m
D

(n
=

25
),

an
d

H
C

G
(n
=

36
)

Po
si

ti
ve

an
d

ne
ga

ti
ve

aff
ec

ts
PD

A
3

da
ys

10
Se

m
i-r

an
do

m
iz

ed
65

%
N

o
Sl

ee
p

qu
al

it
y

pr
ed

ic
ts

lo
w

er
PA

,b
ut

no
tN

A
.L

ow
PA

is
as

so
ci

at
ed

w
it

h
po

or
su

bj
ec

ti
ve

sl
ee

p
qu

al
it

y
an

d
se

lf
-r

ep
or

te
d

da
ily

dy
sf

un
ct

io
n.

[4
7]

M
D

D
an

d
m

D
(n
=

60
),

an
d

H
C

G
(n
=

35
)

Po
si

ti
ve

an
d

ne
ga

ti
ve

aff
ec

ts
;e

ve
nt

s
ap

pr
ai

sa
l

Pa
lm

Pi
lo

tZ
ir

e
22

3
da

ys
10

Se
m

i-r
an

do
m

iz
ed

65
%

N
o

In
th

e
no

n-
cl

in
ic

al
sa

m
pl

e,
sl

ee
p

di
st

ur
ba

nc
es

ar
e

as
so

ci
at

ed
w

it
h

en
ha

nc
ed

N
A

in
re

sp
on

se
to

ne
ga

ti
ve

ev
en

ts
.C

on
si

de
ri

ng
de

pr
es

se
d

pa
ti

en
ts

,s
le

ep
di

st
ur

ba
nc

es
ne

ga
ti

ve
ly

in
flu

en
ce

th
e

em
ot

io
na

l
re

ac
ti

vi
ty

to
bo

th
ne

ut
ra

la
nd

ne
ga

ti
ve

ev
en

ts
.

[4
8]

M
D

D
(n
=

27
),

an
d

H
C

G
(n
=

27
)

PA
an

d
N

A
,s

le
ep

qu
al

it
y;

ti
re

dn
es

s;
ru

m
in

at
io

n
Ps

yM
at

e
30

da
ys

3
Fi

xe
d

sa
m

pl
in

g
sc

he
m

e
96

%
N

o
Sl

ee
p

qu
al

ity
di

re
ct

ly
in

flu
en

ce
s

PA
an

d
N

A
ex

pe
ri

en
ce

d
du

ri
ng

th
e

fo
llo

w
in

g
da

y,
bu

tn
ot

vi
ce

ve
rs

a.
Ti

re
dn

es
s

is
a

m
ed

ia
to

r.

[4
9]

M
D

D
(n
=

14
)a

nd
H

C
G

(n
=

15
)

PA
;N

A
;f

at
ig

ue
;s

le
ep

;
ac

ti
vi

ti
es

;c
og

ni
ti

on
;

m
el

at
on

in
Ps

yM
at

e
30

da
ys

3
Fi

xe
d

sa
m

pl
in

g
sc

he
m

e
93

%
N

o

M
el

at
on

in
is

as
so

ci
at

ed
w

it
h

ch
an

ge
s

in
aff

ec
ta

nd
fa

ti
gu

e.
H

ow
ev

er
,c

ha
ng

es
in

aff
ec

ta
nd

fa
ti

gu
e

ar
e

al
so

pr
ed

ic
to

rs
of

m
el

at
on

in
le

ve
ls

.I
nd

iv
id

ua
ls

th
at

do
no

t
sh

ow
th

is
as

so
ci

at
io

n
re

po
rt

hi
gh

er
de

pr
es

si
on

se
ve

ri
ty

an
d

w
or

se
sl

ee
p

qu
al

it
y.

[3
8]

M
D

D
(n
=

27
),

an
d

H
C

G
(n
=

27
)

Sl
ee

p
pa

tt
er

ns
Ps

yM
at

e
30

da
ys

3
Fi

xe
d

sa
m

pl
in

g
sc

he
m

e
96

%

A
ct

iC
al

(R
es

pi
ro

ni
cs

,
Be

nd
,O

R
,

U
SA

)

Sl
ee

p
du

ra
ti

on
aff

ec
ts

ne
xt

-d
ay

ph
ys

ic
al

ac
ti

vi
ty

.
D

ep
re

ss
io

n
do

es
no

tm
od

er
at

e
th

is
as

so
ci

at
io

n.

[3
3]

M
D

D
(n
=

51
)

Sl
ee

p
pa

tt
er

ns
an

d
qu

al
it

y;
su

ic
id

e
id

ea
ti

on
;

en
tr

ap
m

en
tp

er
ce

pt
io

n

PR
O

-D
ia

ry
ac

ti
gr

ap
h

w
at

ch
(C

am
N

te
ch

)
7

da
ys

6
Se

m
i-r

an
do

m
iz

ed
89

%
A

cc
el

er
om

et
er

Po
or

sl
ee

p
qu

al
it

y,
bo

th
ob

je
ct

iv
el

y
an

d
su

bj
ec

ti
ve

ly
ev

al
ua

te
d,

is
as

so
ci

at
ed

w
it

h
hi

gh
er

ne
xt

-d
ay

su
ic

id
e

id
ea

ti
on

s.
Su

ic
id

e
id

ea
ti

on
do

es
no

ti
nfl

ue
nc

e
sl

ee
p

pa
tt

er
ns

an
d

qu
al

it
y.

P
h

y
si

ca
l

a
ct

iv
it

y

[5
0]

M
D

D
(n
=

53
),

an
d

H
C

G
(n
=

53
)

Ph
ys

ic
al

ac
ti

vi
ty

;p
os

it
iv

e
an

d
ne

ga
ti

ve
aff

ec
ts

Pa
lm

Pi
lo

tZ
ir

e
22

7
da

ys
8

R
an

do
m

iz
ed

75
%

N
o

Bo
th

sa
m

pl
es

sh
ow

hi
gh

er
PA

fo
llo

w
in

g
ph

ys
ic

al
ac

tiv
ity

.
M

or
e

sp
ec

ifi
ca

lly
,d

ep
re

ss
ed

pa
tie

nt
s

sh
ow

a
si

gn
ifi

ca
nt

ly
hi

gh
er

in
cr

ea
se

in
ex

pe
ri

en
ce

d
PA

le
ve

ls
af

te
r

ph
ys

ic
al

ac
ti

vi
ty

.

[3
2]

M
D

D
(n
=

14
)a

nd
H

C
G

(n
=

43
)

M
oo

d;
ph

ys
ic

al
sy

m
pt

om
s;

ph
ys

ic
al

ac
ti

vi
ty

R
up

ut
er

EC
O

LO
G

A
ve

ra
ge

:3
7.

43
da

ys
(r

an
ge

:1
8–

67
da

ys
)

4
Se

m
i-r

an
do

m
iz

ed
93

%
A

m
bu

la
to

ry
M

on
it

or
s

In
c.

—
ac

tig
ra

ph

D
ep

re
ss

iv
e

m
oo

d
is

as
so

ci
at

ed
w

it
h

in
cr

ea
se

d
in

te
rm

it
te

nc
y

of
lo

co
m

ot
or

ac
ti

vi
ty

.

[3
7]

M
D

D
(n
=

10
),

an
d

H
C

G
(n
=

10
)

M
oo

d;
co

gn
it

io
n;

da
ily

ac
ti

vi
ti

es
;p

hy
si

ca
la

ct
iv

it
y

Ps
yM

at
e

30
da

ys
3

Fi
xe

d
sa

m
pl

in
g

sc
he

m
e

91
%

A
ct

iC
al

R
es

pi
ro

ni
cs

—
ac

ti
gr

ap
h

D
es

pi
te

th
e

ob
se

rv
at

io
n

of
la

rg
e

in
te

ri
nd

iv
id

ua
l

di
ff

er
en

ce
s,

re
su

lt
s

sh
ow

a
po

si
ti

ve
eff

ec
to

fp
hy

si
ca

l
ac

ti
vi

ty
on

PA
in

al
lp

ar
ti

ci
pa

nt
s.

R
u

m
in

a
ti

o
n

[5
1]

M
D

D
(n
=

6)
an

d
H

C
G

(n
=

7)
C

on
te

xt
;m

oo
d;

de
pr

es
si

ve
sy

m
pt

om
s;

EE
G

(a
t

ba
se

lin
e)

Pa
lm

Pi
lo

ta
nd

EE
G

(a
tb

as
el

in
e)

7
da

ys
5

N
ot

sp
ec

ifi
ed

N
ot

sp
ec

ifi
ed

N
o

Lo
w

er
ac

tiv
at

io
n

of
bi

la
te

ra
lP

FC
pr

ed
ic

ts
hi

gh
er

ra
te

s
of

ru
m

in
at

io
n,

w
he

re
as

hi
gh

er
le

ve
ls

of
se

lf
-e

st
ee

m
ar

e
as

so
ci

at
ed

w
it

h
lo

w
er

ri
gh

tP
FC

ac
ti

vi
ty

.

[3
5]

M
D

D
(n
=

18
)a

nd
H

C
G

(n
=

18
)

Th
ou

gh
ts

;d
is

tu
rb

in
g

ev
en

ts
;f

ee
lin

gs
;p

os
si

bl
e

in
flu

en
ci

ng
fa

ct
or

s;
fe

el
in

gs
;H

R

El
ec

tr
on

ic
di

ar
y

im
pl

em
en

te
d

on
a

sm
ar

tp
ho

ne
1

da
y

N
ot

re
po

rt
ed

Se
m

i-
ra

nd
om

iz
ed

N
ot

sp
ec

ifi
ed

R
S

80
0C

X
;

Bo
dy

gu
ar

d2
(H

R
an

d
H

RV
)

D
ep

re
ss

ed
pa

rt
ic

ip
an

ts
sh

ow
hi

gh
er

ra
te

s
of

pe
rs

ev
er

at
iv

e
co

gn
iti

on
,w

hi
ch

ar
e

as
so

ci
at

ed
w

ith
lo

w
er

H
RV

.

[5
2]

M
D

D
(n
=

38
),

G
A

D
(n
=

36
),

M
D

D
w

ith
G

A
D

co
m

or
bi

di
ty

(n
=

38
),

an
d

H
C

G
(n
=

33
)

Ev
en

ts
st

re
ss

fu
ln

es
s;

ru
m

in
at

io
n

Pa
lm

Pi
lo

tZ
ir

e
22

7
da

ys
8

R
an

do
m

iz
ed

72
%

N
o

M
D

D
an

d
G

A
D

pa
rt

ic
ip

an
ts

sh
ow

th
e

sa
m

e
le

ve
lo

f
ru

m
in

at
io

n,
w

hi
ch

is
ev

en
m

or
e

se
ve

re
in

co
m

or
bi

d
ca

se
s.

H
ig

he
r

ra
te

s
of

ru
m

in
at

io
n

ar
e

pr
ed

ic
tiv

e
of

w
or

se
aff

ec
t,

m
or

e
m

al
ad

ap
ti

ve
be

ha
vi

ou
rs

,a
nd

m
or

e
se

ve
re

sy
m

pt
om

s.

[5
3]

M
D

D
(n
=

16
),

G
A

D
(n
=

15
),

M
D

D
w

ith
G

A
D

co
m

or
bi

di
ty

(n
=

20
),

an
d

H
C

G
(n
=

19
)

R
um

in
at

io
n;

w
or

ry
;P

A
an

d
N

A
;s

ig
ni

fic
an

te
ve

nt
s

Pa
lm

Pi
lo

tZ
ir

e
22

6
to

7
da

ys
8

Se
m

i-r
an

do
m

iz
ed

65
%

N
o

Le
ve

ls
of

ru
m

in
at

io
n

am
on

g
al

lt
he

cl
in

ic
al

sa
m

pl
es

ar
e

hi
gh

er
in

re
sp

on
se

to
si

gn
ifi

ca
nt

ev
en

ts
.D

ec
re

as
ed

PA
an

d
in

cr
ea

se
d

N
A

ar
e

as
so

ci
at

ed
w

ith
hi

gh
er

m
om

en
ta

ry
ru

m
in

at
io

n.

11



J. Clin. Med. 2019, 8, 465

T
a

b
le

2
.

C
on

t.

A
u

th
o

rs
S

a
m

p
le

V
a
ri

a
b

le
s

D
e
v

ic
e
(s

)
D

u
ra

ti
o

n
P

ro
m

p
ts

P
e
r

D
a
y

S
a
m

p
li

n
g

S
ch

e
m

a
C

o
m

p
li

a
n

ce
S

e
n

so
r(

s)
P

ri
m

a
ry

O
u

tc
o

m
e
(s

)

E
m

o
ti

o
n

a
l

re
a
ct

io
n

[5
4]

R
em

it
te

d
M

D
D

(n
=

55
)a

nd
H

C
G

(n
=

55
)

Pe
rc

ei
ve

d
st

re
ss

;m
oo

d
H

an
d

he
ld

Ps
io

n
“R

ev
o”

co
m

pu
te

r
7

da
ys

5
R

an
do

m
iz

ed
90

%
N

o
Pa

st
ep

is
od

es
of

de
pr

es
si

on
ar

e
lik

el
y

to
in

cr
ea

se
th

e
vu

ln
er

ab
ili

ty
to

st
re

ss
fu

le
ve

nt
s,

es
pe

ci
al

ly
in

m
al

e
pa

rt
ic

ip
an

ts
.

[5
5]

M
D

D
(n
=

35
),

m
D

(n
=

26
),

an
d

H
C

G
(n
=

38
)

C
on

te
xt

;m
oo

d;
ev

en
ts

(n
at

ur
e

of
th

e
ev

en
t;

lo
ca

ti
on

;p
eo

pl
e

in
vo

lv
ed

;
aff

ec
ti

ve
ra

ti
ng

)

Pa
lm

Pi
lo

tZ
ir

e
22

3
no

n-
co

ns
ec

ut
iv

e
da

ys
(o

ve
r

a
pe

ri
od

of
5

da
ys

)
10

Se
m

i-r
an

do
m

iz
ed

65
%

N
o

Bo
th

M
D

D
an

d
m

D
pa

tie
nt

s
sh

ow
lo

w
er

le
ve

ls
of

po
si

tiv
e

aff
ec

ta
nd

ra
te

ev
en

ts
as

m
or

e
st

re
ss

fu
la

nd
un

pl
ea

sa
nt

th
an

th
e

co
nt

ro
lg

ro
up

.F
ur

th
er

m
or

e,
th

ey
sh

ow
a

hi
gh

er
re

du
ct

io
n

in
ne

ga
ti

ve
fe

el
in

gs
af

te
r

po
si

ti
ve

ev
en

ts
.

[5
0]

M
D

D
(n
=

53
),

an
d

H
C

G
(n
=

53
)

A
ff

ec
t;

si
gn

ifi
ca

nt
ev

en
ts

Pa
lm

Pi
lo

tZ
ir

e
22

7/
8

da
ys

8
R

an
do

m
iz

ed
78

%
N

o

R
es

ul
ts

po
in

to
ut

gr
ea

te
r

em
ot

io
na

li
ns

ta
bi

lit
y

w
it

h
re

sp
ec

tt
o

N
A

in
de

pr
es

se
d

pa
ti

en
ts

.N
o

di
ff

er
en

ce
s

ar
e

ob
se

rv
ed

in
te

rm
s

of
re

ac
ti

vi
ty

,i
ne

rt
ia

,a
nd

in
st

ab
ili

ty
in

PA
.

[5
6]

M
D

D
(n
=

21
)a

nd
M

D
D

w
ith

BP
D

co
m

or
bi

di
ty

(n
=

20
)

A
ff

ec
ta

nd
m

oo
d;

ev
en

ts
;

su
bj

ec
ti

ve
aff

ec
ti

ve
re

ac
ti

vi
ty

Sm
ar

tp
ho

ne
to

ac
ce

ss
a

w
eb

pl
at

fo
rm

7
da

ys
5

R
an

do
m

iz
ed

94
%

N
o

C
om

or
bi

di
ty

w
it

h
BP

D
do

es
no

ti
m

pl
y

m
aj

or
aff

ec
ti

ve
in

st
ab

ili
ty

,b
ut

it
is

as
so

ci
at

ed
w

it
h

lo
w

er
su

bj
ec

ti
ve

pe
rc

ep
ti

on
of

aff
ec

ti
ve

re
ac

ti
vi

ty
.

[5
7]

R
em

it
te

d
M

D
D

(n
=

10
)a

nd
H

C
G

(n
=

11
)

M
oo

d;
PA

an
d

N
A

;v
is

ua
l

m
en

ta
li

m
ag

er
y

“I
m

ag
in

e
yo

ur
M

oo
d”

,
sm

ar
tp

ho
ne

ap
pl

ic
at

io
n

3
da

ys
a

w
ee

k,
fo

r
8

w
ee

ks
10

Se
m

i-
ra

nd
om

iz
ed

N
ot

sp
ec

ifi
ed

N
o

In
bo

th
sa

m
pl

es
,h

ig
he

r
le

ve
ls

of
vi

su
al

im
ag

er
y-

ba
se

d
pr

oc
es

si
ng

ar
e

as
so

ci
at

ed
w

it
h

hi
gh

er
le

ve
ls

of
PA

an
d

be
tt

er
m

oo
d,

re
ga

rd
le

ss
of

th
e

va
le

nc
e

of
th

e
im

ag
er

y
co

nt
en

t.
El

ev
at

ed
le

ve
ls

of
vi

su
al

im
ag

er
y-

ba
se

d
pr

oc
es

si
ng

ar
e

no
ta

ss
oc

ia
te

d
w

it
h

da
ily

aff
ec

ti
ve

re
ac

ti
vi

ty
.

[5
8]

M
D

D
(n
=

51
),

an
d

BP
D

(n
=

80
)

PA
,N

A
,f

ea
r;

ho
st

ili
ty

;
sa

dn
es

s;
in

te
rp

er
so

na
l

ev
en

ts
Pa

lm
Pi

lo
tZ

ir
e

31
28

da
ys

6
Se

m
i-r

an
do

m
iz

ed
86

%
N

o

R
ej

ec
ti

on
an

d
di

sa
gr

ee
m

en
ti

nc
re

as
e

N
A

(e
sp

ec
ia

lly
ho

st
ili

ty
an

d
sa

dn
es

s)
bo

th
at

a
m

om
en

ta
ry

an
d

da
ily

le
ve

l,
re

ga
rd

le
ss

of
th

e
di

ag
no

si
s.

T
he

as
so

ci
at

io
n

be
tw

ee
n

re
je

ct
io

n/
di

sa
gr

ee
m

en
ta

nd
ho

st
ili

ty
is

st
ro

ng
er

in
BP

D
pa

ti
en

ts
.

[5
9]

M
D

D
(n
=

12
),

D
D

(n
=

3)
,

BD
(n
=

15
)

A
ff

ec
t;

lo
ca

ti
on

;s
oc

ia
l

co
nt

ex
t;

ga
m

bl
in

g
de

si
re
/m

ot
iv

at
io

n/
ac

ti
vi

ti
es

Pa
lm

Pi
lo

tZ
ir

e
22

30
da

ys
3

R
an

do
m

iz
ed

73
%

N
o

H
ig

h
le

ve
ls

of
sa

dn
es

s
an

d
ar

ou
sa

la
re

pr
ed

ic
ti

ve
of

ga
m

bl
in

g
de

si
re

,r
eg

ar
dl

es
s

of
th

e
di

ag
no

si
s.

D
ep

re
ss

ed
in

di
vi

du
al

s
ar

e
lik

el
y

to
ga

m
bl

e
to

in
cr

ea
se

PA
or

fo
r

so
ci

al
re

as
on

s.

[6
0]

M
D

D
(n
=

15
),

G
A

D
(n
=

25
)

Sy
m

pt
om

s,
PA

,N
A

,
ru

m
in

at
io

n,
be

ha
vi

ou
ra

l
av

oi
da

nc
e,

re
as

su
ra

nc
e

se
ek

in
g

W
eb

-b
as

ed
su

rv
ey

30
da

ys
4

N
ot

sp
ec

ifi
ed

N
ot

sp
ec

ifi
ed

N
o

U
si

ng
a

pe
rs

on
-b

y-
pe

rs
on

ap
pr

oa
ch

,r
es

ul
ts

sh
ow

th
at

m
om

en
t-

to
-m

om
en

ts
ym

pt
om

at
ol

og
y

is
m

ai
nl

y
dr

iv
en

by
po

si
ti

ve
m

oo
d,

ho
pe

le
ss

ne
ss

,a
ng

er
,a

nd
ir

ri
ta

bi
lit

y,
bu

tn
ot

de
pr

es
se

d
m

oo
d,

an
he

do
ni

a,
or

w
or

ry
.

M
D

D
:m

aj
or

d
ep

re
ss

iv
e

d
is

or
d

er
;m

D
:m

in
or

d
ep

re
ss

io
n;

H
C

G
:h

ea
lt

hy
co

nt
ro

lg
ro

u
p

;B
D

P
:b

or
d

er
lin

e
p

er
so

na
lit

y
d

is
or

d
er

;G
A

D
:g

en
er

al
iz

ed
an

xi
et

y
d

is
or

d
er

s;
P

D
A

:p
er

so
na

l
d

ig
it

al
as

si
st

an
t;

D
D

:
d

ys
th

ym
ic

d
is

or
d

er
;

P
FC

:
p

re
fr

on
ta

l
co

rt
ex

;
PA

:
p

os
it

iv
e

aff
ec

t;
N

A
:

ne
ga

ti
ve

aff
ec

t;
H

R
V

:
he

ar
t

ra
te

va
ri

ab
ili

ty
;

P
H

Q
-9

:
P

at
ie

nt
H

ea
lt

h
Q

u
es

ti
on

na
ir

e-
9;

Q
U

ID
-S

R
:Q

ui
ck

In
ve

nt
or

y
of

D
ep

re
ss

iv
e

Sy
m

pt
om

at
ol

og
y—

Se
lf

R
ep

or
t;

H
A

D
S-

A
:H

os
pi

ta
lA

nx
ie

ty
an

d
D

ep
re

ss
io

n
Sc

al
e;

PA
N

A
S:

Po
si

ti
ve

an
d

N
eg

at
iv

e
A
ff

ec
tS

ch
ed

ul
e;

H
PA

A
:

hy
po

th
al

am
ic

-p
it

ui
ta

ry
-a

dr
en

al
ax

is
.

12



J. Clin. Med. 2019, 8, 465

T
a

b
le

3
.

M
or

e
de

ta
ile

d
in

fo
rm

at
io

n
ab

ou
tt

he
se

le
ct

ed
Ec

ol
og

ic
al

M
om

en
ta

ry
In

te
rv

en
ti

on
st

ud
ie

s.

A
u

th
o

rs
N

a
m

e
S

a
m

p
le

In
te

rv
e

n
ti

o
n

D
u

ra
ti

o
n

P
ro

m
p

ts
S

a
m

p
li

n
g

S
ch

e
m

a
S

e
n

so
r(

s)
P

ri
m

a
ry

O
u

tc
o

m
e

(s
)

[6
1]

M
ob

yl
iz

e!
M

D
D

(n
=

7)
,w

it
h

di
ff

er
en

tc
om

or
bi

di
ti

es

M
ob

yl
iz

e!
is

a
co

nt
ex

t-
aw

ar
e

sy
st

em
,

co
m

po
se

d
of

th
re

e
m

ai
n

el
em

en
ts

:(
1)

A
m

ob
ile

ap
pl

ic
at

io
n

fo
r

th
e

co
lle

ct
io

n
of

se
lf

-r
ep

or
ts

;(
2)

a
w

eb
si

te
w

it
h

fe
ed

ba
ck

an
d

th
eo

re
ti

ca
ll

es
so

ns
;(

3)
pe

ri
od

ic
co

nt
ac

ts
w

it
h

tr
ai

ne
d

co
ac

he
s

8
w

ee
ks

5/
da

y
R

an
do

m
iz

ed

38
co

nc
ur

re
nt

se
ns

or
s

in
te

gr
at

ed
in

th
e

ph
on

e

M
ob

yl
iz

e!
si

gn
ifi

ca
nt

ly
re

du
ce

d
de

pr
es

si
ve

sy
m

pt
om

s.
Pr

ed
ic

ti
ve

m
od

el
s

di
d

no
tr

ea
ch

hi
gh

le
ve

ls
of

ac
cu

ra
cy

,e
sp

ec
ia

lly
fo

r
m

oo
d.

[6
2]

Ps
yM

at
e

M
D

D
(n
=

10
2)

:
Ex

pe
ri

m
en

ta
lc

on
di

tio
n

(n
=

33
),

ps
eu

do
-e

xp
er

im
en

ta
l

co
nd

iti
on

(n
=

36
),

co
nt

ro
l

co
nd

it
io

n
(n
=

33
)

D
ai

ly
as

se
ss

m
en

to
fs

el
f-

re
po

rt
s

an
d

w
ee

kl
y

EM
A

-d
er

iv
ed

fe
ed

ba
ck

th
ro

ug
h

fa
ce

-t
o-

fa
ce

se
ss

io
ns

3
da

ys
pe

r
w

ee
k,

fo
r

6
w

ee
ks

10
/d

ay
Se

m
i-r

an
do

m
iz

ed
N

o

Th
e

us
e

of
EM

A
-d

er
iv

ed
fe

ed
ba

ck
as

a
co

m
pl

em
en

ta
ry

in
te

rv
en

ti
on

to
ph

ar
m

ac
ol

og
ic

al
tr

ea
tm

en
t

si
gn

ifi
ca

nt
ly

de
cr

ea
se

d
de

pr
es

si
ve

sy
m

pt
om

s.
T

he
se

im
pr

ov
em

en
ts

w
er

e
al

so
m

ai
nt

ai
ne

d
ov

er
ti

m
e.

[6
3]

Ps
yM

at
e

M
D

D
(n
=

10
2)

:
Ex

pe
ri

m
en

ta
lc

on
di

tio
n

(n
=

33
),

ps
eu

do
-e

xp
er

im
en

ta
l

co
nd

iti
on

(n
=

36
),

co
nt

ro
l

co
nd

it
io

n
(n
=

33
)

D
ai

ly
as

se
ss

m
en

to
fs

el
f-

re
po

rt
s

an
d

w
ee

kl
y

EM
A

-d
er

iv
ed

fe
ed

ba
ck

th
ro

ug
h

fa
ce

-t
o-

fa
ce

se
ss

io
ns

3
da

ys
pe

r
w

ee
k,

fo
r

6
w

ee
ks

10
/d

ay
Se

m
i-r

an
do

m
iz

ed
N

o
T

he
us

e
of

Ps
ym

at
e

as
a

te
ch

ni
qu

e
of

se
lf

-m
on

it
or

in
g

co
ul

d
im

pr
ov

e
pa

ti
en

ts
’f

ee
lin

gs
of

em
po

w
er

m
en

t.

[6
4]

Ps
yM

at
e

M
D

D
(n
=

10
2)

:
Ex

pe
ri

m
en

ta
lc

on
di

tio
n

(n
=

33
),

ps
eu

do
-e

xp
er

im
en

ta
l

co
nd

iti
on

(n
=

36
),

co
nt

ro
l

co
nd

it
io

n
(n
=

33
)

D
ai

ly
as

se
ss

m
en

to
fs

el
f-

re
po

rt
s

an
d

w
ee

kl
y

EM
A

-d
er

iv
ed

fe
ed

ba
ck

th
ro

ug
h

fa
ce

-t
o-

fa
ce

se
ss

io
ns

3
da

ys
pe

r
w

ee
k,

fo
r

6
w

ee
ks

10
/d

ay
Se

m
i-r

an
do

m
iz

ed
N

o

Fa
ce

-t
o-

fa
ce

EM
A

-d
er

iv
ed

fe
ed

ba
ck

se
ss

io
ns

di
d

no
ti

nc
re

as
e

th
e

ra
te

of
PA

ex
pe

ri
en

ce
d

du
ri

ng
or

sh
or

tly
af

te
r

th
e

in
te

rv
en

ti
on

.

[6
5]

M
ed

lin
k

M
D

D
(n
=

8)

M
ed

lin
k

is
a

m
ob

ile
ap

pl
ic

at
io

n
de

liv
er

in
g

ps
yc

ho
lo

gi
ca

ls
up

po
rt

to
M

D
D

pa
ti

en
ts

.T
he

ap
pl

ic
at

io
n

pr
ov

id
es

us
er

s
w

it
h:

(1
)

ps
yc

ho
ed

uc
at

io
n;

(2
)w

ee
kl

y
sy

m
pt

om
as

se
ss

m
en

t;
(3

)m
ed

ic
at

io
n

ad
he

re
nc

e
m

on
it

or
in

g;
(4

)m
on

th
ly

co
m

m
un

ic
at

io
n

w
it

h
a

pr
of

es
si

on
al

ba
se

d
on

th
e

pr
ev

io
us

po
in

ts

4
w

ee
ks

1/
w

ee
k

N
ot

sp
ec

ifi
ed

N
o

M
ed

lin
k

w
as

po
si

ti
ve

ly
ev

al
ua

te
d

by
pa

rt
ic

ip
an

ts
,e

sp
ec

ia
lly

re
ga

rd
in

g
th

e
w

ee
kl

y
ps

yc
ho

ed
uc

at
io

n
le

ss
on

s.
D

ep
re

ss
io

n
se

ve
ri

ty
of

pa
rt

ic
ip

an
ts

si
gn

ifi
ca

nt
ly

de
cr

ea
se

d
ov

er
th

e
co

ur
se

of
th

e
ex

pe
ri

m
en

t.

13



J. Clin. Med. 2019, 8, 465

T
a

b
le

3
.

C
on

t.

A
u

th
o

rsN
a
m

e
S

a
m

p
le

In
te

rv
e
n

ti
o

n
D

u
ra

ti
o

n
P

ro
m

p
ts

S
a
m

p
li

n
g

S
ch

e
m

a
S

e
n

so
r(

s)
P

ri
m

a
ry

O
u

tc
o

m
e
(s

)

[6
6]

H
el

p4
M

oo
dM

D
D

(n
=

28
):

Ex
pe

ri
m

en
ta

l
co

nd
it

io
n

(n
=

14
)

an
d

co
nt

ro
l

co
nd

it
io

n
(n
=

14
)

W
eb

pl
at

fo
rm

pr
ov

id
in

g
da

ily
as

se
ss

m
en

to
fs

ym
pt

om
s,

se
lf

-m
on

it
or

in
g,

an
d

ta
ilo

re
d

ac
ti

vi
ti

es
.T

he
de

liv
er

ed
co

nt
en

ti
s

cr
ea

te
d

in
re

sp
on

se
to

th
e

us
er

’s
ac

ti
on

s
th

ro
ug

h
a

vi
rt

ua
la

ge
nt

A
bo

ut
5

w
ee

ks

C
ES

D
-

VA
S-

VA
:

1/
da

y
N

ot
sp

ec
ifi

ed
A

cc
el

er
om

et
er

an
d

ac
ou

st
ic

sp
ee

ch
an

al
ys

is

O
nl

y
ha

lf
of

th
e

pa
rt

ic
ip

an
ts

us
ed

H
el

p4
M

oo
d

re
gu

la
rl

y.
Si

gn
ifi

ca
nt

ch
an

ge
s

in
de

pr
es

si
ve

sy
m

pt
om

s
w

er
e

ob
se

rv
ed

on
ly

am
on

g
re

gu
la

r
us

er
s.

PH
Q

-9
:

1/
w

ee
k

[6
7]

Ps
yM

at
e

M
D

D
(n
=

10
2)

:
Ex

pe
ri

m
en

ta
l

co
nd

it
io

n
(n
=

33
),

ps
eu

do
-e

xp
er

im
en

ta
l

co
nd

it
io

n
(n
=

36
),

co
nt

ro
lc

on
di

ti
on

(n
=

33
)

D
ai

ly
as

se
ss

m
en

to
fs

el
f-

re
po

rt
s

an
d

w
ee

kl
y

EM
A

-d
er

iv
ed

fe
ed

ba
ck

th
ro

ug
h

fa
ce

-t
o-

fa
ce

se
ss

io
ns

3
da

ys
pe

r
w

ee
k,

fo
r

6
w

ee
ks

10
/d

ay
Se

m
i-r

an
do

m
iz

edN
o

T
he

us
e

of
EM

A
-d

er
iv

ed
fe

ed
ba

ck
de

cr
ea

se
d

de
pr

es
si

ve
sy

m
pt

om
s

an
d

im
pr

ov
ed

m
al

ad
ap

ti
ve

be
ha

vi
ou

rs
.

[6
8]

Ps
yM

at
e

M
D

D
(n
=

79
):

Ex
pe

ri
m

en
ta

l
co

nd
it

io
n

(n
=

25
),

ps
eu

do
-e

xp
er

im
en

ta
l

co
nd

it
io

n
(n
=

30
),

co
nt

ro
lc

on
di

ti
on

(n
=

24
)

D
ai

ly
as

se
ss

m
en

to
fs

el
f-

re
po

rt
s

an
d

w
ee

kl
y

EM
A

-d
er

iv
ed

fe
ed

ba
ck

th
ro

ug
h

fa
ce

-t
o-

fa
ce

se
ss

io
ns

3
da

ys
pe

r
w

ee
k,

fo
r

6
w

ee
ks

10
/d

ay
Se

m
i-r

an
do

m
iz

edN
o

Th
e

us
e

of
a

se
lf-

m
on

ito
ri

ng
EM

A
im

pr
ov

es
ne

ga
ti

ve
em

ot
io

n
di
ff

er
en

ti
at

io
n.

M
D

D
:m

aj
or

d
ep

re
ss

iv
e

d
is

or
d

er
;P

A
:p

os
it

iv
e

aff
ec

t;
C

E
SD

-V
A

S-
V

A
:b

ri
ef

vi
su

al
an

al
og

ue
sc

al
e

ve
rs

io
n

of
th

e
C

en
te

r
of

E
pi

d
em

io
lo

gi
ca

lS
tu

d
ie

s
D

ep
re

ss
io

n.
Sc

al
e;

PH
Q

-9
:P

at
ie

nt
H

ea
lt

h
Q

ue
st

io
nn

ai
re

.

14



J. Clin. Med. 2019, 8, 465

3.1.2. Sampling Methods

Currently, different EMA designs can be used to define prompt scheduling, depending on
the main purpose of the study. It is possible to prompt participants using fixed time periods
or randomized/semi-randomized samplings (time-based sampling). Alternatively, participants
can be asked to personally fill in the assessment after the occurrence of a specific behaviour or
event (event-based sampling). Whereas time-based samplings depend on a signal emitted by the
device (signal-contingent), event-based samplings are not preceded by a prompt (event-contingent).
Signal-contingent schemas are useful when repeated measures are needed to obtain a representative
value of a variable or when the objective is to capture dynamic variables (e.g., mood), whereas
event-contingent schemas are more likely to be adopted when the main focus is on a specific behaviour
that occurs randomly or less frequently during the day (e.g., smoking a cigarette). Regarding our
selected studies, none of them adopted event-based sampling. Most of the studies collected data
using randomized or semi-randomized schemas, whereas nine studies prompted participants to note
information at fixed time points during the day. This latter approach was adopted especially by the
studies that investigated the association between cortisol or melatonin and depression, i.e., when the
assessed variable required greater temporal precision and accuracy.

The duration of the data collection showed great variability. Some studies collected self-reports
for a brief time period (less than 3 days); this choice was especially observed in the field of cortisol and
sleep pattern research. Other studies required longer periods of assessment, where participants were
involved for one or two months. This was especially true for studies investigating physical activity
and its association with depressive symptoms. The same high variability was observed in the number
of prompts, which varied from 1 to 20 prompts per day.

3.1.3. Compliance and Dropout Rates

With the term “compliance”, we refer to the percentage of answered prompts. A few studies did
not report this information [35,40–42,51,57,60]. However, the majority clearly addressed this issue.
Sixteen studies reported compliance rates higher than 85%, five studies showed rates between 84%
and 70%, and four studies collected 65% of the total possible answers. Patient dropout was related to
diagnosis change, subjective burden, technical problems, incomplete data, retrospective completion of
the electronic diary, missed prompts, worsening of symptoms, or non-attendance at follow-up sessions.

To prevent backfilling, different solutions were adopted. In most of the studies, participants
could complete self-reports for a fixed time period after the prompt, ranging from a few minutes to a
maximum of one hour. To increase compliance, two studies also gave participants the possibility of
postponing prompts.

3.1.4. Contribution of EMA to the Study of MDD

As Table 4 shows, so far EMA has been applied to seven different fields. In the following paragraph,
we will provide an overview of EMA’s contribution to the understanding and assessment of MDD.

Table 4. Fields of application of EMAs for Major Depressive Disorder.

Field of Application Retrieved Articles Aim Advantages

Recall bias [8,26] Experimental
No retrospective bias; control over
backfilling; repeated momentary
measurements.

Symptoms monitoring [39–41] Clinical

Continuous monitoring (symptoms
assessment, treatment progress);
real-time feedback to clinicians (e.g.,
crisis plan) and users (e.g., patterns
visualization).
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Table 4. Cont.

Field of Application Retrieved Articles Aim Advantages

Cortisol dysregulation [31,36,42–45] Experimental

Role of contextual variables;
temporal relationship between
physiological measures and
self-reports.

Sleep patterns [33,38,46–49] Experimental

Control over backfilling; no
retrospective bias; integration of
self-reports with passive data
supplied by sensors and biosensors.

Physical activity [32,37,50] Experimental

Role of contextual variables;
integration of self-reports with
passive data supplied by sensors;
temporal relationship between
physiological measures and
self-reports.

Rumination [35,51–53] Experimental Role of contextual variables;
rumination deployment across time.

Affect and emotional
reactivity [50,54–60], Experimental

Role of contextual variables;
temporal deployment of affect and
emotional reactivity.

Recall Bias

Increasing evidence shows that memories often have inaccurate and imprecise content due to
recall bias. In the case of EMAs, two studies were carried out to investigate this bias, comparing EMA
daily data to retrospective assessments. Ben-Zeev and colleagues compared positive (PA) and negative
(NA) affect collected through an EMA to scores obtained by means of traditional paper-and-pencil
retrospective questionnaires [8]. When retrospectively recalled, both PA and NA were overestimated,
regardless of the diagnosis. Interestingly, the control group was more likely to exaggerate the retrieval
of PA rather than NA, but this trend was not observed in depressed patients. By contrast, Torous
and colleagues developed a smartphone application to administer randomized subsets of items taken
from the Patient Health Questionnaire (PHQ-9) [69], compared to the traditional paper-based PHQ-9.
Symptoms were evaluated as more severe in daily EMA evaluations, compared to the retrospective
PHQ-9 assessment. According to the authors, this discrepancy could be due to different factors, such
as recall bias or stigma.

Symptom Monitoring

Unexpectedly, we could only retrieve three studies within this research field, i.e., studies that
actually applied EMA to monitor clinically depressed patients. Husky and colleagues investigated the
acceptability of a three-days computerized ambulatory monitoring on MDD and BD patients, showing
encouraging compliance and acceptance rates among both samples. Practice effects were observed
(faster response time over the course of the study), thus suggesting the importance of considering
the potential effects of EMA duration on self-reports [39]. Schaffer et al. developed a system called
“Mental Health Telemetry” to monitor symptoms of patients receiving pharmacological treatment [40].
According to the results, a reduction in depressive symptoms was already observable one day after
beginning the treatment, and symptoms on day 7 were predictive of treatment outcome. Similarly,
iHOPE is a smartphone application for the daily monitoring of depressive symptoms and sleep
patterns [41]. EMA assessments of depression, sleep quality, and anxiety were highly associated with
the Hamilton Depression Rating Scale (HAM-D), administered at baseline. Nevertheless, application
use decreased significantly over the weeks, from 3.4 days per week to 0.4 days per week after 8 weeks,
highlighting the important issue of compliance in EMA assessments.
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Cortisol Secretion

Stetler and colleagues investigated the associations among cortisol and sleep patterns, social
interactions [43], and daily activities [42]. Not only were cortisol levels after awakening different in
depressed and healthy participants, but the impact of psychosocial variables on cortisol secretion was
also dissimilar. Consistently, the Hypothalamic–pituitary–adrenal (HPA) axis of depressed patients
was no longer able to respond to the timing of the sleep-wake cycle, daily routines, and external social
experiences. One study explored the impact of cortisol on affect, showing a bidirectional association
between PA and NA and daily cortisol levels [45]. Nevertheless, high variability was observed
among participants regarding the timing, direction, and sign of this association. For instance, NA was
positively associated with cortisol 50% of the time, while the association between cortisol and PA was
almost always negative. Booij et al. identified higher cortisol and α-amylase levels among depressed
individuals [36]. Similarly, when applying individual correction for lifestyle factors, the association of
depression to cortisol and the ratio of α-amylase over cortisol was no longer significant, suggesting
that generalization from groups does not always reflect the single individual. Nevertheless, Conrad
and colleagues could not find cortisol differences between depressed and non-depressed participants.
Interestingly, a negative correlation between NA and heart rate variability (HRV) was observed only in
the control group, suggesting that constant NA may alter the normal interaction between affectivity
and the autonomic nervous system [31].

Finally, interesting outcomes were also observed among remitted MDD patients [44]. Despite
remission, patients showed reduced cortisol levels throughout the day and a different interaction
between affect and cortisol, thus suggesting a reduction in the HPA axis’ responsiveness as a potential
marker of recurrent depression.

Sleep Patterns

According to our search, six studies adopted an EMA to explore sleep disturbances in depression.
Through the daily administration of morning self-reports about sleep patterns, O’Leary et al. found
that depression was associated with lower perceived sleep quality, which in turn affected negative
emotional reactivity to both neutral and unpleasant events during the day [47]. However, in healthy
participants, sleep disturbances only affected emotional reactivity to unpleasant events. In other words,
depression could be a factor affecting the relationship between sleep quality and emotional reactivity.
Similarly, two studies analysed the influence of sleep quality on daily affect [46,48]. As expected, higher
sleep quality was associated with higher PA in both healthy and depressed participants. Surprisingly,
there was no evidence of the moderating role of depression in the association between sleep and affect.
Nevertheless, sleep quality affected daily mood, but not vice versa, because higher sleep quality was
associated with increased PA and decreased NA the following day. This association did not differ
between depressed and healthy participants. Similarly, sleep duration was found to affect next-day
physical activity, but again, no difference between depressed and non-depressed individuals was
observed [38]. An EMA was finally adopted to investigate the association between sleep patterns
and suicide ideation in a sample of depressed patients [33]. Poor sleep quality, both at subjective and
objective levels, was associated with increased suicide ideations the following day. However, suicidal
thoughts did not predict sleep patterns the following night.

Bouwmans and colleagues also collected repeated saliva samples to analyse the association
of depression with melatonin, an important hormone related to sleep onset [49]. A bidirectional
relationship between affect and fatigue, and melatonin was pointed out: Melatonin is associated
with changes in affect and fatigue; however, affect and fatigue are also predictors of melatonin levels.
Participants that did not show this association were likely to report higher rates of depression, worse
sleep quality, and lower energy expenditure.
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Physical Activity

In order to analyse the effect of self-initiated physical activity on mood, clinically depressed
patients were asked to report their daily physical activity [50]. Both healthy and depressed participants
showed higher levels of PA following physical activity, but no decrease in NA. Notably, the increase
in PA after physical exercise was greater in depressed patients, which is consistent with the ample
evidence supporting behavioural activation in general, and physical activity in particular, for the
treatment of depression. Confirming these results, another study found that physical activity was
associated with subsequent increased PA, regardless of the diagnosis [37]. However, the analysis also
revealed high subjective variability in the association between physical activity and mood in terms of
strength, direction, and temporal aspects. Finally, Kim and colleagues developed a statistical model
with cross validity that identified a significant association between higher intermittency of locomotor
activity and worse mood ratings [32], suggesting the possibility of predicting patients’ moods through
the analysis of momentary locomotor patterns. According to their model, a worsening of depressive
mood was associated with increased intermittency of locomotor activity.

Rumination

Ruscio and colleagues investigated the relationship between stressful events and rumination
in MDD and GAD patients [52]. Both clinical samples showed higher levels of rumination in
response to stressful situations, which were further worsened by symptom severity and extensive
comorbidity. In addition, rumination significantly mediated the impact of stress on symptoms and
affect; that is, higher rumination after a stressful event predicted greater NA and more maladaptive
behaviours. Putman and colleagues investigated rumination and self-esteem through the assessment
of resting baseline PFC alpha activity, along with the momentary assessment of affect and depressive
symptoms, in a sample of clinically depressed individuals [51]. Rumination was found to be associated
with an increased alpha signal in the bilateral prefrontal cortex (i.e., decreased neural activation),
whereas an increased alpha signal in the right prefrontal cortex was positively correlated with higher
self-esteem ratings. One study investigated perseverative thoughts (i.e., depressive rumination, worry,
and reactive rumination) in relation to mind wandering [35]. Participants were instructed to complete
a smartphone diary every 30 min for one day, and these self-reports were integrated with continuous
HR monitoring. Confirming the hypothesis that mind wandering is not a maladaptive behaviour per
se, only perseverative cognition was associated with health risk factors, such as lower HRV, worse
mood, and higher interference in daily functioning. Finally, one study examined the dynamics of worry
and rumination in daily life [53]. Contrary to the hypothesis, levels of worry were not significantly
associated with the occurrence of significant events, whereas rumination was significantly higher in
response to these circumstances. Compared to the control group, clinically depressed individuals
showed decreased PA and increased NA as a consequence of high rumination levels.

Affect and Emotional Reactivity

Thompson and colleagues investigated emotional reactivity, emotional inertia, and emotional
instability in depressed patients [50]. Compared to healthy participants, clinically depressed patients
showed higher NA instability, whereas no differences in PA instability were observed. Both samples
reported increased NA after a negative event; however, depressed patients showed a greater decrease
in NA and increase in PA after a positive event. These results were confirmed by another study that
showed a greater reduction in NA following positive events in depressed individuals [55]. When
considering BPD comorbidity, depressed patients were found to be less emotionally influenced by
events, and to perceive themselves as less emotionally reactive [56]. Other factors that affect emotional
reactivity are gender and past depression [54]. In one study, women and remitted patients evaluated
daily events as more negative than men, and they showed worse mood and higher emotional reactivity
in response to daily stressors. Finally, a smartphone application was developed to assess visual
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mental imagery and its impact on mood and affective reactivity in healthy people and remitted MDD
patients [57]. Participants were asked to focus on their mental representations, i.e., what they had in
mind, eight times per day. Imagery-based processing was associated with better mood, regardless of
the valence of the mental representation. This pattern was similar in healthy and depressed participants.
However, no association between mental imagery and affective reactivity was observed.

Regarding daily affect, one study explored the impact of gambling desire on mood in a sample of
depressed individuals [59]. Higher levels of sadness and arousal were associated with higher rates of
gambling desire. Consistently, depressed participants were also likely to perform gambling behaviours
to increase their current PA levels. However, momentary affect did not predict actual gambling
behaviours. An EMA was also used to investigate the influence of social rejection and disagreement on
daily affect in MDD and BPD patients [58]. As expected, momentary and daily negative interpersonal
events triggered higher NA (fear, hostility, and sadness) in both groups. High levels of hostility
predicted rejection and disagreements, whereas sadness was only a predictor of social rejection. The
aforementioned relationships were stronger in BPD patients than in depressed participants.

Finally, one study investigated the topology and temporal dynamics of depression and
anxiety symptoms using contemporaneous and temporal network models [60]. Positive (positive,
content, enthusiastic, energetic) and negative (down) mood were the most representative variables
of patients’ core symptoms. While “worried” and “down” did not show temporal influence,
“positive mood”, “hopelessness”, “anger”, and “irritability” were the strongest drivers of
moment-to-moment symptomatology.

3.2. Ecological Momentary Intervention in MDD

The selection process resulted in eight studies that administered an EMI to clinically depressed
patients. In all, four different interventions were identified: Psymate, Mobylize, Hel4Mood,
and Medlink.

3.2.1. General Overview of the Interventions

Psymate is a PDA-based EMA for symptom monitoring that aims to increase awareness about
depression and the dynamics that characterize this disorder [62–64,67,68]. Psymate allows patients to
record daily symptoms and affect. Based on these daily assessments, patients meet a clinician weekly
and receive graphical feedback on the association between PA levels and daily life activities, events, or
social interactions, as well as on the association between PA changes and the number of depressive
complaints. In this way, patients have the chance to reflect on their affective state and the relationship
between symptoms and contextual variables with a professional. According to Heron’s definition,
“the key feature of all EMIs is that the treatment is provided to people during their everyday lives
(i.e., in real time) and settings (i.e., real world)” [22]. Therefore, Psymate does not meet all the criteria
for an EMI, as EMA-feedbacks are provided during weekly face-to-face sessions. However, we decided
to include this intervention because we think it provides important insights about the potential of
self-monitoring EMA as a therapeutic tool.

Likewise, Mobylize! constitutes an ecological intervention composed of a mobile application, an
interactive website, and a system for email/telephone support [61]. The most innovative aspect of
this application is the integration of self-reports with data from smartphone sensors. Mobylize! is
provided with a context-aware system. Thanks to a machine learning algorithm, the application can
predict the state of the patient (mood, emotions, cognitive/motivational states, activities, environmental
context, and social context). Specifically, the system works in three different phases: (1) Data collection,
during which 38 sensors collect sensor information; (2) learners, during which prompted self-reports
are matched and paired with simultaneously labelled state data to develop predictive models; and (3)
action components, a continuous process that analyses sensor data in order to update previous
predictive models without the direct input of the user. Mobylize! is designed to prompt patients to
assess mood, intensity of emotions, fatigue, pleasure, accomplishment, concentration, engagement,
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perceived control, location, and interactions five or more times a day. To accommodate new data,
every new self-report is subsequently associated with the generation and modification of previous
models. Thanks to this complex system, the mobile application sends tailored feedback to participants.
Through the website, users can graphically visualize self-report patterns, read theoretical lessons,
and use interactive tools, such as tailored plans and calendars, for monitoring daily activities. Lastly,
a trained clinician contacts users periodically by phone or email to provide technical support, reinforce
adherence, and enhance motivation.

Help4Mood is a web-platform to self-monitor daily symptoms, mood, activities, and thoughts [66].
Based on a Cognitive Behavioural Therapy (CBT) approach, Help4Mood helps patients to reflect on
the emotional and cognitive patterns related to depression. In addition to collecting daily self-reports,
the application receives data from an actimetry sensor and acoustic analysis of speech. The innovative
aspect of Help4Mood is the use of a virtual agent, completely customizable in terms of voice, clothing
style, sex, and language, that communicates with users to provide tailored exercises and activities and
guide them through the daily questionnaires. The application also has an emergency section called the
“crisis plan”: As soon as symptom worsening is detected, the application prompts users to contact a
professional or a relative.

Finally, Medlink is a mobile application to support and monitor MDD patients taking
antidepressant medication [65]. The main purpose of the app is to address the failure points that usually
occur between professionals and newly diagnosed patients. On the one hand, the application provides
users with weekly psychoeducation material and sends suggestions about medication management
and how to deal with depressive symptoms. On the other hand, it monitors patients’ treatment and
depressive symptoms. Every four weeks, personal communication with a professional is scheduled to
give patients monthly feedback about disease progression.

3.2.2. Effectiveness of the Intervention

Psymate was tested in a sample of 102 clinically depressed patients in a three-arm randomized
controlled trial [62–64,67] with an experimental condition (treatment as usual – TAU - and six-week
Psymate treatment, with weekly face-to-face feedback sessions), a pseudo-experimental condition
(TAU and Psymate without EMA face-to-face feedbacks), and a control condition (TAU). Three different
categories of weekly feedback were provided: (1) Positive affect, (2) positive affect in relation to events
appraised with an internal versus external locus of control, and (3) positive affect in relation to social
interactions. Results showed a significant reduction in depressive symptoms in the experimental
group that was maintained in the follow-up assessment. Participants in the pseudo-experimental
condition reported decreased depressive symptoms in the first weeks of the treatment, but this gain
was not maintained across the weeks. Notably, the use of Psymate was associated with increased
levels of perceived empowerment, regardless of the presence of weekly feedback, and with increased
experienced PA throughout the treatment. Decreased depressive symptoms were also associated with
increased positive daily behaviours. Finally, Widdershoven and colleagues observed a significant
improvement in negative emotions’ differentiation and a close-to-significance improvement in positive
emotions’ differentiation after 6-weeks of self-monitoring, regardless of EMA-derived feedbacks [68].

Mobylize! was tested in a small pilot study with a sample of 7 MMD patients [61]. According to the
results, the use of Mobylize! significantly reduced depressive symptoms, both on a self-rated measure
(PHQ-9) and a clinician-based evaluation (Quick Inventory of Depressive Symptomatology-Clinician
Rating, QUIDS-C), as well as anxiety symptoms, measured with the Generalized Anxiety Disorder
Scale (GAD-7). At the end of the treatment, participants were also less likely to meet MDD diagnostic
criteria. Nevertheless, the accuracy of the predictive model was low, especially for mood; higher
accuracy was achieved by models that predicted location, conversational state, and social interactions
(accuracy between 60% and 90%).

A randomized controlled trial was conducted to evaluate Help4Mood [66]. Twenty-eight depressed
patients were recruited and randomized into two treatment groups: Help4Mood and TAU. Outcome
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measures, which included the Beck Depression Inventory (BDI) and Quick Inventory of Depressive
Symptomatology—Self Report (QIDS-SR), indicated reduced symptoms in both samples. Nevertheless,
patients in the TAU group achieved greater clinical improvement compared to patients who used the
application. Notably, regular users were more likely to obtain greater clinical improvement compared
to users with low compliance.

Finally, a preliminary study tested the efficacy of Medlink with 8 MDD patients [65]. On the
one hand, medication monitoring showed promising outcomes. Patients reported taking 84% of their
medication, which is significantly higher than medication adherence rates reported in the literature.
On the other hand, depressive symptoms significantly decreased over the course of 4 weeks.

3.2.3. Compliance and Dropout Rates

Regarding Psymate, the number of answered prompts in both the experimental and
pseudo-experimental groups was 135.5 out of 180 (75.3%); participants completed 39.7 out of 50
pre-assessments (79.4%) and 23.7 out of 30 (79%) post-assessment observations. Moreover, 27 of the 33
participants (81.9%) allocated to the experimental group completed the intervention, whereas 32 out of
36 participants (88.89%) allocated to the pseudo-experimental group completed it.

Throughout the 8-week treatment with Mobylize, the mean number of log-ins to the mobile
application was 7.9 (approximately one per week), whereas the number of completed lessons on the
website was 4.8 out of 9 (53.3%). The number of answered prompts drastically decreased throughout
the treatment, from 15.3 in the first week to 4.8 in the last week, due to technical difficulties and
connectivity problems. Seven out of eight participants (87.5%) completed the intervention: The only
dropout was caused by technical problems with the smartphone.

Regarding Help4Mood, the authors indicated great variability in terms of time of use. Two
participants used the application for one or two days, whereas three participants used it between 3
and 7 days. The remaining six participants used it more than 10 times, approximately twice a week.
The mean use was 134 min. Eleven out of 13 (84.6%) participants completed the protocol and were
assessed for the follow-up. One participant withdrew due to worsening mood.

Finally, participants entered the Medlink application approximately 17.4 times during the 4 weeks
of data collection and answered 96% of the prompts. Seven out of nine users read the psychoeducation
lessons from the first and second week, whereas only half of them read the third and fourth lessons.
No dropouts were reported.

3.2.4. Participants’ Feedback and Satisfaction

Using Likert scales ranging from 1 to 7, participants found that Psymate was very simple to use
and provided clear instructions (verbal instructions = 6.6 ± 0.7; written instructions = 6.5 ± 1.0; Psymate
answers = 2.6 ± 1.5). The number of daily prompts and the time needed to complete assessments was
not stressful (number of beeps per day = 3.1 ± 1.6; time to answer = 2.5 ± 1.5). Finally, satisfaction
with its most important feature, i.e., receiving EMA-derived feedback, indicated that the feedback was
highly appreciated (usefulness of feedback = 6.2 ± 0.7) and considered valuable (feedback to improve
daily skills = 5.4 ± 1.1). However, participants would have appreciated receiving more specific and
practical advice related to the EMA-based feedback (3.2 ± 2.0).

Regarding Mobylize, satisfaction with the application was rated as 5.71 on a scale from 1 to 7.
Criticism was related to technical problems, such as loss of connectivity and subsequent failure to
receive prompts. Interestingly, 86% of the participants reported that the intervention was particularly
helpful for identifying NA triggers and avoiding distressing and maladaptive behaviours. Participants
also suggested lengthening the intervention and adding more activities, such as a blog to talk with
other users or a message service between patients and coaches.

Participants involved in the Help4Mood study were quite satisfied with the application. Most of
them would use it in everyday life and suggest it to other patients. The idea of a virtual agent to guide
participants in completing the assessments was appreciated; however, some participants perceived the
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agent as too cold, repetitive, and not sufficiently realistic. Among the limitations, patients reported
sometimes being bored by excessively long sessions. They would have appreciated receiving more
psychoeducational material and a more tailored experience, allowing them to access their preferred
materials and activities without restrictions.

Medlink’s usability was assessed using 4 items from the Usefulness, Satisfaction, and Ease of
Use Questionnaire (USE). On a scale from 1 to 7, participants reported encouraging scores for ease
of use (mean = 5.7 ± 1.1) and learnability (mean = 6.1 ± 1.5), but low scores for perceived usefulness
(mean = 4.6 ± 1.0) and satisfaction (mean = 4.8 ± 0.8). Furthermore, encouraging ratings were observed
for the weekly psychoeducation lessons (liking= 6.0± 1.1; ease of use= 6.6± 0.5; learnability = 6.6 ± 0.5;
and usefulness = 5.8 ± 1.7), which were also reported to be the most interesting and useful parts of the
application. Finally, feedback interviews showed neutral comments regarding daily self-reports, that
were perceived as not very useful; contrasting opinions were collected regarding feedback graphs.

4. Discussion

To date, the scientific literature has mostly been based on studies conducted in laboratory settings,
thus understudying the daily dynamics of psychopathology [70]. Therefore, unobtrusively monitoring
behavioural (i.e., sensors), physiological (i.e., biosensors), and cognitive/emotional (i.e., self-reports)
factors in ecological settings collected through portable and wearable devices can provide new
information about elusive psychological constructs that are usually defined by the complex dynamics
of contexts and variability. Accordingly, the research field could benefit from the use of novel
technologies to better explore MDD mechanisms and delineate new theoretical models based on
ecological observations.

Compared to paper and pencil daily diaries, the use of electronic devices, and especially
smartphones, could further increase the six EMA advantages identified by Ebner-Premier (Table 5) [16]:
(a) The automation of the entire process directly on a mobile device, such as a smartphone, can
provide greater control over backfilling and higher temporal precision in the administration, planning,
and randomization of prompts; (b) the use of ICTs can offer additional possibilities for multimodal
assessments, with data supplied by embedded sensors and wearable unobstructed biosensors that can
automatically be coordinated with the collection of self-reports; (c) the use of mobile devices reduces the
effort required of users in completing daily assessments and prevents errors by researchers and clinicians
due to manual data entry; (d) smartphones offer the possibility of providing real-time EMA-derived
feedback that can be an important therapeutic tool for patients’ self-monitoring, in addition to the
possibility of sending real-time alerts to clinicians in case of need. In this regard, smartphones have the
potential of becoming global low-cost tools that can also be adopted in the clinical field. Currently,
2.32 billion people in the world use smartphones, and it has been estimated that, by 2020, 70% of
the world’s population will own one [71]. The potential of these devices is also supported by the
evidence showing that people with serious mental and physical illnesses own and regularly use
smartphones [72] and are interested in using applications for their health [26].

As pointed out in this review, the widespread adoption of EMA for the investigation of depression
has led to novel insights into different aspects of the disease, including emotion reactivity, cortisol
patterns, or daily rumination. We discussed different sampling methods that can be used in EMA
protocols, showing that the signal-contingent design with prompt randomization or semi-randomization
is the most widely adopted option when dealing with variables, such as affect and symptom monitoring.
We also reported compliance and dropout rates, which showed encouraging results, with most of
the studies reporting more than 70% adherence. Nevertheless, the gap between clinical practice and
research is still quite wide, as revealed by the low number of studies that adopt this approach to assess
and monitor patients for clinical purposes or implement EMA in clinical settings. Accordingly, many
issues still need to be addressed. To date, no standard and validated sets of items have been developed
for EMA protocols, raising the problem of context validity. Moreover, further research should be
conducted to improve patients’ compliance and reduce dropout. Due to the intrinsic nature of the
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disease, depressed patients could be less likely to consistently complete daily assessments. In a previous
study, we observed that compliance was higher in EMA administered through a smartphone and when
patients were prompted less than 8 times a day [73]. However, a meta-analysis should be conducted to
more precisely identify the factors that improve adherence (see, for example, [74]), thus providing
some sort of guideline for the design of EMA. Indeed, we strongly believe that clinical practice could
benefit from the use of EMAs for several reasons. First, EMAs can be useful for diagnostic purposes.
Traditional diagnostic procedures usually involve a static moment in time, including semi-structured
interviews (e.g., Mini-International Neuropsychiatric Interview) complemented by self-report measures.
However, ample evidence shows the dynamic nature of affective states and mood [75]. Furthermore,
these dynamics greatly vary from person to person, reasons for which ideographic approaches may
shed light upon the structure of individual symptom dynamics [60]. Consequently, by means of
EMAs, a more accurate diagnostic process could be pursued. Likewise, the continuous monitoring
of patients’ symptoms would allow clinicians to monitor the efficacy of a treatment over time [76],
predict short-term mood changes [77], detect symptoms’ worsening in an early stage [78], and create
continuous communication between clinicians and patients. On the other hand, the use of daily mood
and symptom self-ratings could provide more ecological assessments, overcoming recall bias and
capturing the dynamics of human functioning in daily life that cannot be detected with traditional tools.

Table 5. Benefits of using EMA for mood dysregulation and mood disorders as described by
Ebner-Premier [16].

Advantages Implications

1 Real-time assessments Reduction in retrospective bias and
increase in accuracy.

2 Repeated measurements
Better comprehension of
time-dependent processes and
dynamic changes in symptoms.

3 Multimodal assessments
Contemporary analysis of behaviours,
physiological signals, and subjective
experiences.

4 Context-specific information Assessment of symptoms as
context-dependent.

5 Interactive assessments Real-time customizable and
interactive feedback.

6 Generalizability Higher ecological validity and
collection of more representative data.

Our results also highlight the existence of a small number of EMIs for depression. In the current
literature, only four ecological interventions have been developed, and only two of them were tested
in a randomized-controlled trial (RCT). Our review showed promising results in terms of patient
satisfaction and clinical efficacy, further supporting the need for more efforts in this direction. However,
compliance rates were sometimes not encouraging, and a major challenge is to encourage regular use
of these technologies throughout the entire treatment process [79]. Accordingly, future research should
focus on the concept of users’ motivation and engagement, taking into consideration the adoption
of focus groups with patients during treatments, using mixed quantitative and qualitative designs
to obtain as much information as possible to guide future developments, and extending the effects
of gamification features on adherence and compliance [80]. In other words, greater attention should
be paid to the needs and characteristics of the target population. Considering feedback from users,
here, we were able to identify three EMI features that were highly appreciated: The possibility of
receiving visual feedback about daily assessments and, therefore, self-monitoring of daily patterns;
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the availability of psychoeducational material on depression and its mechanisms; and the opportunity
to have continuous or periodic communication with a trained clinician.

In this review, we found that most of the EMAs were based only on self-reports, whereas more
attempts to integrate this information with data gathered from sensors and biosensors were observed
for EMIs. Recent advances in sensor technologies have had an impact on applications for remote
health [81], such as postoperative recovery [82], treatment for chronic patients [83], and monitoring of
elderly individuals [84]. Consistently, the hierarchical sensing model proposed by Mohr highlights the
great revolution that new sensors and biosensors can bring to the field of mental health [85], making it
possible to collect raw sensor data (i.e., the lower level of the hierarchy) that can be converted into
“behavioural markers” through machine learning and data mining methods [18].

Smartphone sensors further increase the potentially collectable information, allowing the
reconstruction of people’s habits, sleep patterns, or social life by using embedded sensors, such
as accelerometers, calls, short message service (SMS), social network data, or geolocation. In other
words, it is now possible to infer and collect behavioural information without necessarily asking the
person to report it.

Even though they were not investigated in the studies targeted at MDD patients discussed here,
several opportunities can be found in the integration of EMA and EMI platforms with behavioural and
physiological signal processing, further mediated by machine learning algorithms. On the one hand,
several behavioural signals are readily collectable with the use of smartphone sensors, even though
they may lack the required specificity for mood recognition and prediction, as found by the Mobylize!
study [61]. On the other hand, due to recent advancements in sensor technologies, physiological
signals can be nowadays recorded unobtrusively by means of, for example, smartwatches and chest
bands. These could provide an EMA and/or EMI platform with additional markers that more closely
correlate to a person’s affective state, and that can be used as input to the analysis performed [61].
Consistently, models can be automatically learned that continuously estimate the patient’s affective state
by extracting and analysing salient features of physiological signals [86]. For instance, electrodermal
activity (EDA) and heart rate variability (HRV) have been extensively investigated as correlates of
users’ affective state, and they are considered non-invasive. They do not involve recording sensitive
information (as opposed to, for example, cameras and acoustic signals), and associated sensors do not
interfere with users’ daily routines. Consistently, patient-specific models can be automatically learned
that continuously estimate the patient’s affective state by extracting and analysing salient features of
physiological signals [86].

Unfortunately, the relation between physiological signals and affective states is not trivial and
mixed results are discussed in the literature [87]. Building on recent advances of machine learning,
recent studies obtained promising results by means of model personalisation for stress recognition [88]
and deep learning for mood prediction [89] using a combination of behavioural and physiological
markers in non-clinical populations. If thoroughly tested and consolidated through experimental
validations in EMA settings, a model of this type could provide a finer-grained description of the
evolution of the patient’s disorder throughout a long-term study, compared to surveys that are usually
filled in just a few times a day. It can be considered less obstructive to the patient’s life because
physiological data are recorded passively and do not require extra effort from the patient. Furthermore,
in EMI settings, if the recognition algorithm detects that the patient is in a critical state, it can
automatically trigger an intervention module associated with the platform or open a communication
channel between the patient and his/her therapist. Alternatively, predictive models that combine
information from physiological and behavioural signals to estimate the patient’s future mood, stress
level, and self-reported health (one or a few days in advance) can be automatically inferred [89]. After
identifying a risk threshold, these models would make it possible to plan interventions (or involve the
therapist) in advance, that is, before the patient’s affective state reaches a critical state.

We should, however, recognize that the use of EMAs and EMIs has some limitations. These
approaches are time-consuming and may be perceived as invasive by users. Patients are required to
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complete multiple assessments throughout a day, and protocols often last weeks. Moreover, people
might not be willing to share personal information. Finally, in terms of more ecological validity,
they may be advantageous for clinical purposes, but disadvantageous for research aims, because
they imply less experimental control. Because the data are collected during everyday life and in
naturalistic environments, it becomes hard or even impossible to have complete control over the
setting, and, therefore, it is not possible to rule out the role of confounding variables. Nevertheless,
due to the implementation of novel statistical procedures, a balance between research necessities and
clinical utility could be achieved [90]. If this were the case in the near future, EMAs and EMIs would
undoubtedly transform the field of mental health, greatly contributing to the bridging of science and
practice [91,92].

Overall, this systematic review clearly shows the emergence of ecological assessment and
intervention as a promising avenue for clinical psychology. The focus of the review was limited
to a specific clinical population. Still, promising results have been already shown also regarding
the application of EMA and EMI to anxiety disorders [93,94] and stress-related disorders [95,96],
highlighting the potential of these tools to provide psychological support in daily life and to investigate
symptom fluctuations across time. However, similar limitations and burning issues were also evidenced,
including the need for more high-quality trials, the gap between the clinical and research field, and the
importance of making EMAs and EMIs as engaging and tailored as possible. Altogether, there is
evidence showing the feasibility and preliminary efficacy of these approaches, but much more research
should be conducted before drawing definite conclusions.
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Abstract: (1) Background: The use of smartphone-based ecological momentary assessment (EMA)
questionnaires in affective disorder research has rapidly increased. Though, a thorough understanding
of experienced burden of and adherence to EMA is crucial in determining the usefulness of EMA.
(2) Methods: Persons with current affective disorders (n = 100), remitted persons (n = 190), and healthy
controls (n = 94) participated in a smartphone-based EMA two-week monitoring period. Our primary
outcomes were (momentary) perceived burden of and adherence to EMA. (3) Results: In the
whole sample, lower positive and higher negative affect were associated with slightly higher levels
of perceived momentary burden (B = −0.23 [95%CI = −0.27–0.19], B = 0.30 [95%CI = 0.24–0.37],
respectively). The persons with current affective disorders reported slightly higher levels of
experienced momentary burden (Mdn= 1.98 [IQR= 1.28–2.57]), than the remitted persons (Mdn= 1.64
[IQR = 1.11–2.24]) and healthy controls (Mdn = 1.28 [IQR = 1.04–1.92]). Nevertheless, the persons with
current affective disorders still showed very high adherence rates (Mdn = 94.3% [IQR = 87.9–97.1]),
at rates on a par with the remitted persons (Mdn = 94.3% [IQR = 90.0–97.1]) and healthy controls
(Mdn = 94.3% [IQR = 90.0–98.6]). (4) Discussion: Frequent momentary questionnaires of mental
well-being are slightly more burdensome to the persons with current affective disorders, but this does
not seem to have a negative impact on adherence. Their high rate of adherence to EMA—which
was similar to that in remitted persons and healthy controls —suggests that it is feasible to apply
(short-duration) EMA.

Keywords: affective disorders; depression; anxiety disorders; ecological momentary assessment;
burden; adherence
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1. Background

In recent decades, we have witnessed a surge in research acknowledging the importance of
real-life context and diurnal variation of affective states in persons with affective disorders [1–4].
Ecological momentary assessment (EMA) is a valuable addition to the traditional methods of studying
these dynamics [5–8]. EMA questionnaires were initially administered via paper-and-pencil diaries.
Nowadays, online tools or apps on devices such as mobile telephones are designed to capture
momentary ratings. With EMA, participants are asked to self-report information on their momentary
affect throughout the day in natural settings [7–9], rather than recalling and summarizing their affect
within a certain time interval (e.g., last week/month), as is done in retrospective questionnaires [9].

Advocates of EMA argue that assessing affective states more frequently is a more appropriate way
to measure affect dynamics, as retrospective distortions are minimized [6,10–13]. EMA questionnaires
provide us with the essential information that needs to be measured in order to generate insights
in the temporal variability of anxiety and mood symptoms, the importance of real-life context,
phenomenology, and the interrelatedness of symptoms [14–16]. These nuances are hard to capture
when using traditional retrospective questionnaires, for the reasons mentioned above.

Measuring affect more frequently means that persons are repeatedly asked to provide information
on their own mental well-being. However, since symptoms such as a lack of motivation to act and
problems concentrating are core features of the clinical presentation of depression [17,18], adhering to
these repeated questionnaires is not self-evident for persons with affective disorders. Also, repeatedly
assessing affective states in persons who suffer from a persistently negative mood might lead to high
levels of perceived burden. Nevertheless, systematic reviews showed encouraging results regarding
the burden experienced and adherence rates by persons with affective disorders [8,14,15]. However,
studies only investigated burden in terms of a reflection on the whole monitoring period; momentary
burden, e.g., perceived burden at the moment of measuring, was not taken into account in any of
these studies. Moreover, the majority of studies reporting on adherence rates used EMA methods
such as paper-and-pencil diaries and personal digital assistants (PDAs) instead of smartphone-based
EMA questionnaires. Adherence to smartphone-based EMA might differ from other EMA methods;
nowadays the use of telephones is incorporated in the daily lives of many persons, as opposed
to paper-and-pencil diaries and PDAs that were distributed for study-purposes only. A better
understanding of experiences of users is crucial when considering the usefulness of smartphone-based
EMA questionnaires for persons with affective disorders.

The aim of this study was to explore perceived burden and adherence to smartphone-based EMA
questionnaires in persons with affective disorders sampled from the Ecological Momentary Assessment
(EMA) and Actigraphy sub-study (NESDA-EMAA) [19,20]. As well as persons with affective disorders,
the cohort also included remitted persons and healthy controls. All (n= 384) participated in an interview,
including a clinical assessment and an intensive two-week smartphone-based EMA monitoring period
with five EMA questionnaires a day. Due to this design, we were able to make a direct comparison in
adherence and perceived burden between the persons with current affective disorders and the other
two groups in a single cohort.

2. Methods

2.1. Study Design and Participants

The participants of the Ecological Momentary Assessment (EMA) and Actigraphy sub-study
(NESDA-EMAA) were selected from the Netherlands Study of Depression and Anxiety (NESDA). In
brief, NESDA is an ongoing longitudinal multi-site naturalistic cohort study which aims to examine
the biological, social, and psychological factors contributing to the long-term course of depressive
and anxiety disorders [21]. NESDA participants were initially recruited for the baseline measurement
between 2004 and 2007 (n = 2981) and were invited for a fifth interview on the occasion of the nine-year
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follow-up measurement (Wave 6; 2014-2017; n = 1776). At Wave 6, siblings (n = 367) of a subsample of
NESDA participants were also recruited and included in the NESDA cohort.

Wave 6 comprised a large number of measurements, administered by trained research staff. These
included a structured clinical diagnostic interview. After measurement, the participants were invited
to join the NESDA-EMAA. For the NESDA-EMAA we invited NESDA participants who participated
in at least two of the previous waves, consented to be approached for the NESDA-EMAA, participated
in the interview no more than 31 days prior starting with the EMA questionnaires, were familiar with
smartphone use and willing to wear a wrist-worn actigraphy device. Siblings were invited if they did
not meet the criteria of a current or past diagnosis of depressive and/or anxiety disorder or other severe
psychiatric disorder [19,20]. A flowchart showing the enrolment processes is given in Figure 1.

Not approached (n = 878)

Reasons:
- Did not give permission (n =  541)

- Not eligible, did not participate in at least 2 
waves (n = 1)

- Not approached because NESDA-EMAA study 
had not started yet (n = 336)

Not included (n =  633)

Reasons:
- Could not be contacted/ no response (n =  48)

- Could not be included within 30 days (n =  132)
- Traveling abroad during test period (n = 41)

- Not interested, no time (n =  172)
- Not interested, too intensive (n =  117)
- Not interested, unspecified (n = 27)

- Will not/ cannot use smartphone or actigraphy 
device (n = 37)

- Other reasons (n = 59)

Approached for the 
NESDA-EMAA study

(n = 1017)

Included in the NESDA-
EMAA study

(n = 384)

29 out of 384 (7.6%) were newly 
enrolled siblings

Not approached (n = 248)

Reasons:
- Did not give permission (n = 148)
- Not eligible, presence of a lifetime 

depressive/ and or anxiety disorder (n = 120)

Newly enrolled NESDA sibling 
participated in the NESDA 

Wave 6 face-to-face interview 

(n = 367)

Participated in the NESDA 
Wave 6 face-to-face 

interview 

(n = 1776)

Figure 1. Flowchart of the Ecological Momentary Assessment (EMA) and Actigraphy sub-study
(NESDA-EMAA).

This resulted in a sample of 384 included participants (of whom 29 were newly enrolled siblings).
The sample was divided into three groups: 1) a group with at least one current affective disorder
(n = 100) (i.e., persons who met the criteria for a depressive or anxiety disorder in the past six months,
per to the Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition, Text Revision
(DSM-IV-TR) criteria); 2) a group with an affective disorder in remission (n = 190) (persons with
a life-time diagnosis of depressive and/or anxiety disorder, but who did not meet DSM-IV-TR criteria
in the past six months); and 3) a healthy control group (n = 94) (persons with no lifetime history of
psychiatric disorders). The in- and exclusion criteria are described in more detail elsewhere [19,20].

The study was carried out in accordance with the latest version of the Declaration of Helsinki.
The Ethical Review Board of VU University Medical Centre Amsterdam and the local review boards
of the participating centres provided ethical approval and all participants provided written consent.
The NESDA and the NESDA-EMAA are described in more detail elsewhere [19–21].

2.2. Smartphone-Based Ecological Momentary Assessment Protocol

All the NESDA-EMAA participants were invited to conduct five EMA questionnaires a day for
14 days. These were conducted during the day, using a time-based sampling protocol with fixed time
intervals of three hours. The questionnaires were in the form of self-reported answers with a maximum
of 31 questions, focusing on momentary affective states, as well as a number of additional items such
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as hours of sleep since the last questionnaire. Data were collected via smartphones; at an appointed
time, the participants received an invitation by text message to conduct and submit the questionnaire.
Participants were instructed to complete the questionnaire as soon as possible after receiving the
text message, preferably within 15 minutes, but at least within 60 minutes. After completing the
questionnaires, the participant’s answers were saved automatically to the secured web-based server
(RoQua) [22].

In addition to the automatic reminder, several measures were taken to motivate the participants
and to provide support when needed. Research assistants called them on at least two separate occasions:
one day and one week after the moment they started with the questionnaires. Additionally, participants
received a gift voucher worth €20 and a personalized report of their EMA questionnaires afterwards.

2.3. Measurements

2.3.1. Baseline Characteristics

Basic demographics and clinical characteristics were requested during the Wave 6 measurement.
We obtained information about age, gender, and educational level through standard questions. Number
of current weekly working hours was assessed by the use of the Treatment Inventory of Costs in Patients
with psychiatric disorders (TiC-P) [23]. Presence of lifetime and/or current depressive (dysthymia
and major depressive disorder) and anxiety disorders (social anxiety disorder, panic disorder with
or without agoraphobia, agoraphobia, and generalized anxiety disorder) was defined according to
DSM-IV criteria [24]. Diagnoses were established using the Composite International Diagnostic
Interview (CIDI Version 2.1) [25]. This has high validity for the assessment of mental disorders [26].

2.3.2. Momentary Affective States

Momentary affective states were measured repeatedly through the daily EMA questionnaires.
The participants provided information about their mental well-being by completing a thirteen-item
questionnaire. Twelve of these items were derived from the affect-questionnaire in the Uncovering
Positive Potential of Emotional Reactivity (UPPER) study [27]. For this study we added a thirteenth
item on feelings of anxiety. The list included seven items covering the negative affective state, whilst
the other six covered the positive state. The negative affect items (At this moment I feel upset, irritated,
listless/apathic, down, nervous, bored, anxious) were averaged to form a negative affect (NA) subscale
and the positive affect ones (At this moment I feel satisfied, relaxed, cheerful, energetic, enthusiastic,
calm) were averaged to form a positive affect (PA) subscale. The items were rated on seven-point
Likert scales (1 = not at all, 4 =moderate, 7 = very); higher scores meant respectively higher levels of
negative and positive affect.

2.4. Outcomes

2.4.1. Momentary Burden

Experienced burden as a result of the daily EMA questionnaires was one of the main outcomes of
this study. We assessed momentary burden; participants were asked about their experienced burden
as a result of the EMA questionnaire itself. They did so by answering the following standard question
“How disturbing is filling out a questionnaire right now?”. The question was rated on a seven-point
Likert scale (1 = not at all, 4 =moderate, 7 = very).

2.4.2. Experienced Burden Over the Whole Monitoring Period

We also assessed the participants’ overall experience. Immediately after the last daily EMA
questionnaire, participants received a text message with a link to an addendum questionnaire, which
included four items to evaluate experienced burden over the whole EMA monitoring period. Questions
about the study duration; the number of questions; assessment frequency; and overall experience
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were rated on a seven-point Likert scale (1 = not at all, 4 =moderate, 7 = very). The average of these
four items represented the evaluation score (sum possibilities ranging from 1 to 7). The four items
showed excellent internal consistency in this sample (Cronbach’s α = 0.924).

2.4.3. Adherence to the Daily EMA Questionnaires

The other main outcome of this study was adherence to the daily EMA questionnaires. This was
calculated by counting the percentage of completed EMA questionnaires out of the total of 70 each
participant was invited to undertake. Moreover, at the last EMA questionnaire participants were asked
to report their main reasons for missing a questionnaire, if they had done so. Possible reasons listed in
the questionnaire were: being busy with an activity; no network connection; being asleep; technical
problems; not hearing the smartphone; not bringing the smartphone; could not making themselves do
it; and “other” reasons. The participants were allowed to select more than one reason. In addition, we
counted the absolute number of omissions due to technical issues.

2.5. Statistical Analyses

We calculated descriptive statistics for the majority of our variables. Because data appeared to be
non-normally distributed based on Kolmogorov–Smirnov tests, we report the median (Mdn) and the
interquartile range (IQR) for the continuous variables. Differences between the three diagnosis groups
in terms of demographic characteristics, absolute number of uploaded assessments, the retrospective
evaluation sum-score, and reported reasons for missing assessments were analyzed; for this we used
Kruskall–Wallis tests, Bonferroni-adjusted Mann–Whitney tests, Pearson chi-square tests, and likelihood
ratio tests as appropriate.

To analyze the EMA data, we conducted several tests. We looked at whether the groups differed
in respect of mean momentary burden as reported through the daily EMA questionnaires. In order
to do this, we first calculated the person-mean of this variable by averaging the scores across the
participants’ EMA questionnaires. We then compared the averages of the person-mean scores for
the three diagnosis groups using a Kruskall–Wallis test and conducted pairwise comparisons using
Bonferroni-adjusted Mann–Whitney tests. In addition, we produced a number of generalized estimated
equation (GEE) models for the overall sample. We chose GEE models because EMA data have
a hierarchical structure; this type of model adjusts for dependency of repeated measures within
one participant and can handle non-normally distributed data. GEE models are also suitable for
dealing with missing data; it is not required to exclude participants with missing questionnaires,
nor should missing questionnaires be imputed beforehand. A more detailed description about GEE
models is described in detail elsewhere [28,29]. We used the GEE models to analyze the association
between positive and negative affect on the one hand, and momentary burden as a result of the
measurement itself on the other. The variables diagnosis group, gender, age, weekly working hours,
and educational level were separately added to the GEE models as independent variables to check
for possible confounding. Next, the variables were added as interaction terms to the model to check
for possible effect modification. A GEE model was also used to analyze the stability of the reported
levels of momentary burden across the EMA questionnaires. To see whether levels of burden changed
as the study period progressed, we added the variable time to the unadjusted model. All analyses
were carried out using SPSS (version 25.0) and two-sides p values < 0.05 were considered significant
(p < 0.017 after Bonferroni correction).

3. Results

3.1. Sample Characteristics

Table 1 shows the demographic and clinical characteristics that were assessed across the three
diagnosis groups. In the overall sample, 67.0% (238 out of 384) of the participants were female,
the median age was 51.0 years (IQR = 38.00–61.00), the average of weekly working hours was 20

35



J. Clin. Med. 2020, 9, 322

(IQR = 0.00–35.5), and most individuals had intermediate (50.3% [193 out of 384]) or high (46.4% [178
out of 384]) education. In general, a considerable number of persons with current affective disorder
and remitted persons suffered multiple affective disorder at the time of the EMA questionnaires or in
their history, respectively. In total, 39.0% (39 out of 100) of the persons with current affective disorders
suffered from more than one affective disorder (range 2–7) at the time of the EMA questionnaires.
In the group of persons with remitted persons, 66.3% (126 out of 190) suffered from more than one
affective disorder (range 2–7), in parallel or in sequence, in their life span.

Table 1. Demographics of the study sample.

Persons with
Current Affective

Disorder(S)
Persons
(n = 100)

Remitted
Persons
(n = 190)

Healthy
Controls
(n = 94)

Total (n =
384)

Test Value p Value

Demographic characteristics

Age 50.5 (41.5–59.0) 48.5
(36.0–61.0)

54.0
(4.0–62.0)

51.0
(38.0–61.0) H(2) = 4.25 0.12

Gender
Female 64 (64.0) 132 (69.5) 51 (54.3) 238 (67.0) χ2(2) = 6.35 0.04
Male 36 (36.0) 58 (30.5) 43 (45.7) 117 (33.0)

Educational level
Basic 8 (8.0) 4 (2.1) 1 (1.1) 13 (3.4) χ2(4) = 14.51 0.01

Intermediate 49 (49.0) 106 (55.8) 38 (40.4) 193 (50.3)
High 43 (43.0) 80 (42.1) 55 (58.5) 178 (46.4)

Working hours (a week) 10.0 (0.0–32.0) 20.0
(0.0–32.0)

30.0
(0.0–37.0)

20.0
(0.0–35.5) H(2) = 10.22 0.01

DSM-IV-R Diagnosis Current Lifetime

One more or anxiety disorder 71(71.0) 142 (74.7)
One or more depressive disorder 61 (61.0) 163 (85.8)

Generalized anxiety disorder 12 (12.0) 69 (36.3)
Social phobia 35 (35.0) 86 (45.3)

Panic disorder with agoraphobia 6 (6.0) 41 (21.6)
Panic disorder without

agoraphobia 13 (13.0) 31 (16.3)

Agoraphobia 22 (22.0) 32 (16.8)
Major depressive disorder 57 (57.0) 160 (84.2)

Dysthymia 15 (15.0) 52 (27.4)

Number of affective disorders* Current Lifetime

1 61 (61.0) 64 (33.7)
2 23 (23.0) 45 (23.7)
3 12 (12.0) 39 (20.5)
4 3 (3.0) 22 (11.6)
5 1 (1.0) 10 (5.3)
6 0 (0.0) 8 (4.2)
7 0 (0.0) 2 (1.1)

Note: Data are n (%), mean (SD) or median (IQR). Kruskall–Wallis, Pearson’s chi-square and likelihood ratio
tests were used as appropriate. * Affective disorders include depressive disorders (major depressive disorder,
dysthymia) and anxiety disorders (social anxiety disorder, panic disorder with or without agoraphobia, agoraphobia,
and generalized anxiety disorder).

3.2. Burden

3.2.1. Person-Mean Momentary Burden

To examine perceived burden as a result of the daily EMA questionnaires, we looked at momentary
burden and at an evaluation of experienced burden over the whole two-week EMA monitoring
period. Figure 2 shows the distribution of the person-means of the momentary burden in the three
diagnosis groups. Tests showed a significant difference between the three groups (H[2] = 17.31,
p < 0.0001). Subsequent, Bonferroni-corrected pairwise comparisons showed that, on average,
the person-means of momentary burden reported by the persons with current affective disorders
(Mdn = 1.98, IQR = 1.28–2.57) were significantly higher than in both the remitted persons (Mdn = 1.64,
IQR = 1.11–2.24; U = 7229.50, p = 0.01) and the healthy controls (Mdn = 1.28, IQR = 1.04–1.92;
U = 3098.50, p < 0.0001).

36



J. Clin. Med. 2020, 9, 322

Figure 2. Person-mean momentary burden as reported on the EMA measures. Note: Value labels:
1 = ’No burden’; 4 = ’Moderate burden’; 7 = ’High burden’. Thick black line shows the median, error
bars show the interquartile range (IQR), whiskers show +/−1.5 IQR, � = outlier, deviates by ≥ 1.5× IQR,
* = significant at p < 0.017 (Bonferroni-adjustment), and ** = significant at p < 0.0001. 3.3. Adherence to
the daily EMA questionnaires.

3.2.2. Association Between Affective States and Momentary Burden

Table 2 shows the results of the unadjusted and adjusted GEE analyses, calculated over the whole
sample (with a total of 24,537 completed EMA questionnaires). First, we found a significant negative
association between positive affect and momentary burden (B = −0.23, 95%CI = −0.27–0.19, p < 0.0001),
and a significant positive association between negative affect and momentary burden (B = 0.30, 95%CI
= −0.24–0.37, p < 0.0001). These coefficients indicate that a score of 1.00 higher on the PA scale (range
1–7) is associated with −0.23 points less reported burden (range 1–7) and 1.00 point higher on the NA
scale (range 1–7) is associated with 0.30 higher reported burden (range 1–7). Hereafter, in both analyses,
the variables diagnosis group, weekly working hours, gender, age, and educational background were
separately added to the model to check for possible confounding. None of these variables were
considered a confounder. In addition, in neither analysis did we find significant interaction between
these five covariates on the one hand, and positive or negative affect on the other. Next, regards the
stability of momentary burden (i.e., to see whether levels of burden changed as the study period
progressed); we found that the strength of the association between reported levels of burden as a result
of the questionnaires did not change significantly over time (B = 0.00, 95%CI = 0.00-0.00, p = 0.09). To
conclude, these results indicate that lower positive affect and higher negative affect were associated
with slightly higher levels of momentary burden, regardless of the presence of a current affective
disorder, number of weekly working hours, age, gender, and educational background. Also, reported
level of burden remained stable over time across the whole sample.
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Table 2. Association between momentary burden, affective scales and time.

Regression
Coefficient

(Standard Error)
95%CI Test Value p Value

Positive affect and momentary burden

Positive affect (PA) * −0.23 (0.02) −0.27–0.19 χ2(1) = 130.77 <0.0001
+ diagnosis groups −0.22 (0.02) −0.26–0.18 χ2(1) = 114.36 <0.0001

+weekly working hours −0.23 (0.02) −0.27–0.19 χ2(1) = 133.58 <0.0001
+ gender −0.23 (0.02) −0.27–0.19 χ2(1) = 131.38 <0.0001
+ age −0.23 (0.02) −0.27–0.19 χ2(1) = 120.83 <0.0001

+ educational level −0.23 (0.02) −0.27–0.19 χ2(1) = 134.67 <0.0001

+ PA × diagnosis groups
Persons with current

affective disorders
Remitted persons † 0.00 (0.05) −0.09–0.10 χ2(1) = 0.01 0.92
Healthy controls † −0.00 (0.07) −0.13–0.13 χ2(1) = 0.00 0.99

+ PA ×weekly working hours 0.00 (0.00) −0.00–0.00 χ2(1) = 0.23 0.63
+ PA × gender ‡ −0.09 (0.04) −0.17–0.00 χ2(1) = 3.77 0.05
+ PA × age −0.00 (0.00) −0.00–0.00 χ2(1) = 0.31 0.58

+ PA × educational level
Low

Moderate § −0.07 (0.07) −0.22–0.08 χ2(1) = 0.90 0.34
High § −0.13 (0.07) −0.28–0.02 χ2(1) = 3.11 0.08

Negative affect and momentary burden

Negative affect (NA) * 0.30 (0.03) 0.24–0.37 χ2(1) = 80.53 <0.0001
+ diagnosis groups 0.29 (0.03) 0.22–0.36 χ2(1) = 73.09 <0.0001

+weekly working hours 0.31 (0.03) 0.24–0.38 χ2(1) = 83.94 <0.0001
+ gender 0.31 (0.03) 0.24–0.37 χ2(1) = 81.76 <0.0001
+ age 0.30 (0.03) 0.23–0.37 χ2(1) = 73.79 <0.0001

+ educational level 0.32 (0.03) 0.25–0.38 χ2(1) = 90.22 <0.0001

+ NA × diagnosis groups
Persons with current

affective disorders
Remitted persons † 0.05 (0.07) −0.09–0.19 χ2(1) = 0.48 0.49
Healthy controls † 0.09 (0.13) −0.15–0.40 χ2(1) = 0.54 0.46

+ NA ×weekly working hours −0.00 (0.00) −0.01–0.00 χ2(1) = 1.09 0.30
+ NA × gender ‡ 0.04 (0.07) −0.10–0.18 χ2(1) = 0.33 0.57
+ NA × age 0.01 (0.00) −0.00–0.01 χ2(1) = 3.77 0.05

+ NA × educational level
Low

Moderate § 0.15 (0.14) −0.12–0.42 χ2(1) = 1.14 0.29
High § 0.21 (0.14) −0.06–0.49 χ2(1) = 2.28 0.13

Stability of momentary burden

Time� 0.00 (0.00) 0.00–0.00 χ2(1) = 2.83 0.09

Note: Generalized estimated equation models. Models are calculated over the whole sample, with a total of 24,537
completed EMA questionnaires. * Shows the unadjusted models. PA = positive affect, NA = negative affect. If
appropriate, covariates diagnosis groups, weekly working hours, gender, age, educational level were separately
added to unadjusted models. Hereafter, interaction terms were added to the unadjusted model. For the interaction
terms, the regression coefficient of the interaction term is shown. † Persons with current affective disorders used
as a reference group, ‡ men are used as reference group, and § low educational level is used as a reference group.
� Stability of momentary burden was measured by adding time to the unadjusted model.

3.2.3. Experienced Burden Over Whole Monitoring Period

We asked the participants to evaluate the overall experienced burden of the whole two-week EMA
monitoring period. Figure 3 shows the median (Mdn) and inter-quartile range (IQR) of the overall
experienced burden. The persons with current affective disorders reported an average score of 2.5
(n = 95; IQR = 1.50–3.75), the remitted persons 2.25 (n = 182; IQR = 1.25–3.25), and healthy controls 2.0
(n = 92; IQR = 1.00–3.13). No significant inter-group differences regarding average overall experienced
burden were found (H[2] = 5.56, p = 0.062).
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Figure 3. Mean scores of the retrospective evaluation of experienced burden. Note: Mean scores of the
retrospective evaluation; a reflection of experienced burden over the whole EMA monitoring period.
Score range between 1 and 7, higher score indicates more burden. Thick black line shows the median,
error bars show the interquartile range (IQR), whiskers show +/−1.5 IQR, and � = outlier, deviates by
≥ 1.5× IQR.

3.2.4. Adherence Rates

Adherence to the daily EMA questionnaires was our other main outcome. We looked at adherence
rates, self-reported main reasons for missing questionnaires, and the number of omissions due to
technical issues. Figure 4 shows the median (Mdn) and inter-quartile range (IQR) of the adherence
rates to the EMA questionnaires. All groups showed the same median adherence rate (66 out of 70
[94.3%]) to the EMA measures, meaning that there is no significant difference between the persons
with current affective disorders (IQR = 63.5–69.0), the remitted persons (IQR = 63.0–68.0), and the
healthy controls (IQR = 62.0–69.0; (H[2] = 0.08, p = 0.98). These results show that adherence rates in
our sample were high.

3.2.5. Reasons for Missing Daily EMA Questionnaires

After the last daily EMA questionnaire, participants were asked to list their main reasons for missing
questionnaires. In total, 369 participants (out of 384) completed this addendum questionnaire-321
of which missed at least one EMA questionnaire. For 57.2% of them (184 out of 321), it appears that
‘being busy with an activity’ was one of their main reasons for missing a questionnaire. Other reasons
frequently reported were ‘no network connection’ (reported by 22.4% [72 out of 321]), and ‘being
asleep’ (reported by 21.2% [68 out of 321]). There are no statistically significant group differences for
these and the other reasons as listed in Table 3.
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Figure 4. Adherence to the EMA questionnaires. Note: Participants were invited to conduct a total of
70 EMA questionnaires. Thick black line shows the median, error bars show the interquartile range
(IQR), whiskers show +/−1.5 IQR, and � = outlier, deviates by ≥ 1.5× IQR.

Table 3. Self-reported main reasons for missing EMA questionnaires.

Persons with
Current Affective

Disorders
(n = 77)

Remitted
Persons
(n = 156)

Healthy
Controls
(n = 75)

Total
(n = 321)

Test Value p Value

Amount of reasons 2 (1–2) 2 (1–2) 1 (1–2) 2 (1-3) H(2) = 3.10 0.21

Main reasons for missing
questionnaires

Being busy with an activity 52 (67.5) 86 (55.1) 46 (61.3) 184 (57.3) χ2(2) = 3.40 0.18
No network connection 18 (23.4) 38 (24.4) 16 (21.3) 72 (22.4) χ2(2) = 0.26 0.88

Being asleep 22 (28.6) 36 (23.1) 10 (13.3) 68 (21.2) χ2(2) = 5.31 0.07
Technical problems 14 (18.2) 29 (18.6) 15 (20.0) 58 (18.1) χ2(2) = 0.94 0.95

Did not hear the smartphone 17 (22.1) 24 (15.4) 14 (18.7) 55 (17.1) χ2(2) = 1.62 0.45
Did not bring the smartphone 12 (15.6) 26 (16.7) 7 (9.3) 45 (14.0) χ2(2) = 2.26 0.32

Could not make themselves do it 1 (1.3) 0 (0.0) 0 (0.0) 1 (0.3) χ2(2) = 3.01 0.22
Other reason 15 (19.5) 40 (25.6) 18 (24.0) 73 (22.7) χ2(2) = 1.09 0.58

Note: Data are n (%) or median (IQR). Only individuals who missed at least one EMA questionnaire and completed
the addendum questionnaire were taken into account in this table. Participants were allowed to select more than
one option. Likelihood ratio or Pearson’s chi-square tests were used as appropriate.

Next, we checked whether EMA questionnaires were missed due to technical issues with the
server. In the group of persons with current affective disorders, this was the case for 0.14% (10 out of
7000) of the questionnaires. The equivalent figure for the group of remitted persons was 0.19% (25 out
of 13,300) and for the healthy controls it was 0.30% (20 out of 6,580 measures). It thus appears that,
across the sample, technical issues accounted for only a small number of the missed questionnaires.
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4. Discussion

The results of this study show that, when asked at the moment of assessing, perceived burden
as a result of the ecological momentary assessment (EMA) questionnaires was slightly higher when
affect was worse. Adhering to the measure was thus more burdensome for persons diagnosed with
an affective disorder, than it was for remitted persons and healthy controls. Nevertheless, when asked
to evaluate the overall experienced burden of the whole two-week monitoring period, no significant
inter-group differences were found. Moreover, the persons with current affective disorders showed
very high adherence rates regardless.

Our findings show that when asked “in the moment”, higher negative affect and lower positive
affect were associated with slightly higher levels of perceived burden as a result of the EMA
questionnaires. This was the case for all diagnosis groups and regardless the number of weekly
working hours, age, gender, and educational background of the participant. The persons with current
affective disorders thus reported higher levels of burden by comparison to the other two groups.
These findings could possibly be explained by the fact that the clinical picture of the current affective
disorders involves a persistent depressed mood and/or diminished interest or pleasure in general [17,18].
Adhering to EMA questionnaires might therefore be more intrusive to persons with current affective
disorders, than for persons without such a disorder. Nevertheless, across the two-week EMA monitoring
period the experienced burden remained stable, and for the overall experienced burden of the whole
two-week EMA inter-group differences were no longer found.

Importantly, the higher levels of “in the moment burden” amongst the persons with current
affective disorders did not result in nonadherence; on average, they completed over 94% of the EMA
questionnaires—a rate on a par with the other two groups in this cohort. Moreover, the adherence
rates found in this study are even higher than in previous ones with a similar population, although
these studies used different EMA methods (e.g., paper-and-pencil diaries, PDAs) [8,14,15]. Previous
studies using a smartphone-based method in other psychiatric populations also had lower adherence.
A meta-analysis showed a pooled average adherence rate of 71% in substance abusers [30]. Note,
however, the adherence rates in our study might have been influenced by the fact that participants
were allowed to answer the questionnaires within 60 minutes after being prompted. Other studies
often only allow for a short period of time to complete the questionnaires (e.g., up till 30 minutes) [31].

Our study does have some limitations, though, which should be considered when interpreting
our findings. Most notably, it can be reasonably assumed that the participants in the NESDA-EMAA
sample are highly motivated as they have been taking part in the NESDA study for over nine years. In
addition, the results of our a relatively short EMA monitoring period might not be readily generalized
to other settings that rely on longer EMA monitoring periods. Another point is that momentary burden
was collected with one single item. As a result, the psychometric properties of this main outcome
measure could not be assessed. In future work, it is advised to include (multiple item) questionnaires
in order to report psychometric properties of the momentary burden assessment. Still, the results of
the present study have important clinical implications for clinical practice. In most clinical settings,
some form of real-time data is already gathered via paper-and-pencil methods (e.g., thought diaries,
assessment of mood fluctuation in bipolar patients, or assessments of the frequency and intensity
of panic attacks). The number of studies investigating the clinical usefulness of EMA methods via
a smartphone in routine practice is also rising [32–34]. User experiences should also be explored in
clinical settings when considering whether EMA can indeed be translated into a tool, beneficial for
patients with affective disorders.

5. Conclusions

In conclusion, even though the persons with current affective disorders did report experiencing
more burden as a result of the EMA questionnaires when asked about this at the moment of assessment,
this was not the case when asked to evaluate the whole monitoring period, and they were still able and
willing to provide real-time information on their mental well-being. This study is, to the best of our
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knowledge, the first to systematically examine user experiences of EMA questionnaires in persons
with current affective disorders while making a direct comparison with remitted persons and healthy
controls in a single cohort. Although our conclusions highlight the need to examine this topic further,
they do already provide important insights into the acceptability of (short-duration) EMA methods for
persons with affective disorders.
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Abstract: There is a large body of research showing that psychological treatment can be effectively
delivered via the internet, and Digital Mental Health Services (DMHS) are now delivering those
interventions in routine care. However, not all attempts to translate these research outcomes into
routine care have been successful. This paper draws on the experience of successful DMHS in Australia
and Canada to describe ten lessons learned while establishing and delivering internet-delivered
cognitive behavioural therapy (ICBT) and other mental health services as part of routine care.
These lessons include learnings at four levels of analysis, including lessons learned working with
(1) consumers, (2) therapists, (3) when operating DMHS, and (4) working within healthcare systems.
Key themes include recognising that DMHS should provide not only treatment but also information
and assessment services, that DMHS require robust systems for training and supervising therapists,
that specialist skills are required to operate DMHS, and that the outcome data from DMHS can inform
future mental health policy. We also confirm that operating such clinics is particularly challenging
in the evolving funding, policy, and regulatory context, as well as increasing expectations from
consumers about DMHS. Notwithstanding the difficulties of delivering DMHS, we conclude that the
benefits of such services for the broader community significantly outweigh the challenges.

Keywords: delivery; implementation; internet-delivered cognitive behaviour therapy; psychological
treatment; routine care; depression; anxiety disorders

1. Introduction

Globally, mood and anxiety disorders affect more than 700 million people each year and are
associated with considerable burden and disability [1,2]. However, in a 12-month period, fewer than
half of those affected seek or receive evidence-based treatments [3–5] for reasons that include cost,
limited availability of services in many areas, limited awareness of both illness and the potential benefit
of treatment, stigma and preference to self-manage [6].

Delivering psychological services via the internet is one way of increasing access to care.
A large number of randomised controlled trials have demonstrated that internet-delivered cognitive
behavioural therapy (ICBT) is effective at treating anxiety and depression [7–10]. However, attempts to
extend ICBT to routine care have produced mixed results. Several attempts at implementation have
either been unsuccessful [11] or were not found to have added value to existing face to face services [12],
which has raised doubt as to whether internet-delivered psychological services can be implemented
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successfully in typical health care settings [13]. Notwithstanding the challenges, the successful use
of ICBT as part of routine clinical care has been reported in Sweden [14–17], the Netherlands [18,19],
Norway, Denmark [20,21], Canada [22–25], and Australia [26–30]. In addition to reports of outcomes
from individual clinics, and reflecting the maturing state of the field, there is now an increasing number
of studies describing barriers [20,23,31,32], guidelines for implementation [33,34], and comparisons of
clinics across different countries [35]. The successful clinics typically deliver ICBT interventions via
so-called virtual or digital mental health services (DMHS). Common features of the successful clinics
include high standards of both clinical and organisational governance, and robust systems for staff
training and supervision [35].

This paper describes key lessons learned during our own efforts to develop and deliver DMHS.
The MindSpot Clinic, Australia, and the Online Therapy Unit (OTU) in the province of Saskatchewan,
Canada accept referrals directly from consumers as well as via general practitioners. Together, these
DMHS have provided assessments to more than 100,000 people and treatment to more than 30,000
people. The authors have worked closely together for several years and have served on advisory
bodies to each other’s services. The lessons we describe draw on our shared experiences in service
development, delivery and collaboration.

We narrowed down our experience to ten key lessons that were not fully described in other papers.
These lessons were not immediately apparent to us when we set about translating our research findings
to routine care but have been of fundamental importance in how we developed and now operate our
DMHS. Hence, we anticipate that these lessons may help those launching similar clinics.

We intentionally avoided specific frameworks of reporting [36,37], because an aim of this paper
was to describe the experiences of operating mature services, rather than just the implementation
phase. We also acknowledge that some of these lessons overlap, may not apply in other jurisdictions
or even to other DMHS within our own countries.

2. Lessons

We chose to organise our lessons according to the model shown in Table 1, which represents the
lessons learned from working with (1) consumers, (2) therapists, (3) operating DMHS, and (4) when
operating in the broader health systems, including when engaging with funders and policy makers.

Table 1. Lessons learned at four levels of analysis of digital mental health services (DMHS).

Level Lesson

1. Consumers
1. DMHS can improve access to care for those who really need care
2. DMHS deliver more than treatment services
3. DMHS are used by a broad cross-section of the population

2. Therapists 1. DMHS require specialised therapist skills
2. DMHS require specialised clinical processes

3. Operating DMHS 1. The operation of DMHS require specialised systems and skills
2. DMHS evolve

4. Health Systems, Funders,
and Policy Makers

1. Integrating DMHS within health systems is challenging
2. DMHS may change the mental health system
3. DMHS are not a panacea

Before further describing the lessons learned, key aspects of the MindSpot Clinic and OTU are
summarised below.
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2.1. The MindSpot Clinic, Sydney, Australia

MindSpot was launched in 2013 and operates from Macquarie University, Sydney. MindSpot
is funded by the Australian Government Department of Health, with funding initially provided for
a 3-year period as a result of the competitive tender process. MindSpot aims to improve access to
evidence-based education, triage, assessment, referral, and treatment services throughout Australia to
adults with symptoms of depression and anxiety [28,29]. Clinic services are provided free of charge.

Patients can either self-refer after learning about MindSpot via the website (mindspot.org.au),
online advertising, links from other mental health websites, recommendations by previous users or
can take up referrals from health professionals. Patients first register online or via telephone and
complete a detailed assessment questionnaire followed by telephone or secure email contact with a
therapist to discuss symptoms and treatment options. Patients then choose between information to
assist with self-management, referral to another service or ICBT. The clinic offers seven ICBT programs
that have been validated in clinical trials, including transdiagnostic treatments designed to treat
symptoms of anxiety and depression in several age groups [24,38–47] and disorder-specific treatments
for obsessive compulsive disorder [48,49], post-traumatic stress disorder [50], and chronic pain [51].
All the treatment programs comprise of five lessons which provide the core information, delivered
over eight-weeks. Additional resources targeting specific symptoms or difficulties are made available
during treatment to assist patients tailor treatment to their own needs. Outcomes are measured using
validated symptom scales that are administered weekly during treatment, on completion, and at a
three-month follow-up. The therapists are all registered or provisionally registered mental health
professionals who contact and monitor participants weekly during treatment via a secure email system
or by telephone. The treatment patients are enrolled in cohorts every two weeks, with therapists each
responsible for 50 or so patients. To date, more than 100,000 people have registered to use the clinic,
and 25,000 have opted to receive ICBT.

2.2. Online Therapy Unit, Canada

The OTU has operated from the University of Regina in Saskatchewan since October 2010. Initial
funding was provided by a federal research grant, but since 2015, the OTU has received stable funding
from the Saskatchewan Ministry of Health. The OTU aims to provide therapist-guided ICBT for
depression and anxiety and to educate providers of mental health care and conduct research on ICBT
in routine practice [25]. Clinic services are also provided to patients free of charge.

The OTU promotes services to patients via word of mouth primarily from health care providers,
media reports, and both digital and print communication. Patients are encouraged to visit the clinic
online (onlinetherapyuser.ca) and can either self-refer or are referred by a health professional. Patients
first complete an online screening followed by telephone assessment.

The OTU delivers several ICBT programs including an adaptation of the Wellbeing course
developed at Macquarie University and used at the MindSpot Clinic [44,47,52]. Clinically validated
patient reported outcome measures (PROMS) of anxiety and depression are administered regularly
during treatment, at post-treatment, and at three-month follow-up. Therapists are registered mental
health professionals or graduate students under supervision employed by the clinic or by publicly
funded community clinics located in other parts of Saskatchewan. During treatment, patients receive
weekly therapist contact primarily via secure email or by telephone to assist in applying the skills
taught during treatment. Since October 2010, the clinic had assessed more than 5400 patients, 4200 of
whom have received ICBT [23,24,35].

3. The Ten Lessons

3.1. Level 1: Lessons Working with Consumers

The first three lessons refer to the way DMHS can improve access to care and serve a broad section
of the community, and how they deliver services other than treatment.
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3.1.1. Lesson 1: DMHS Can Improve Access to Care for Those Who Really Need Care

One of the most profound lessons we learned is that DMHS improve access to mental health
services for many people who would not otherwise seek care. For example, at least a third of the users
of both MindSpot and OTU report that they have not previously spoken to a health professional about
symptoms and 80% of MindSpot and 55% of OTU users are not using other mental health services at
the time of assessment [28,53].

The users of these services often have chronic and disabling symptoms. A third of MindSpot
users have been troubled by their symptoms for between one and five years with a further third
reporting symptoms for more than six years. Among users of the OTU, 45% report symptoms for
two or more years and those in paid employment report an average of 7 days offwork in the last 30
days due to symptoms. Moreover, the mean symptom scores reported by users of MindSpot are in the
moderate–severe range, a quarter report suicidal thoughts and 2.4% disclose suicidal plans.

We were also surprised at how people use our DMHS. While most users access content online, many
others download information and refer to it when they do not have internet access [54]. In addition,
for those who prefer or require printed materials, we send all the treatment course content in printed
form [28]. For these reasons, we sometimes think of our services as delivering virtual rather than
digital care, however, we are reluctant to introduce new terms to describe this already definitionally
challenged field.

3.1.2. Lesson 2: DMHS Deliver More than Treatment

Contrary to our expectations, not all consumers using our DMHS seek treatment, especially
in Australia, where most users report they are primarily seeking a confidential assessment and
recommendations about treatment options. This should not have come as a complete surprise, given
the high proportion who had not previously sought treatment. However, we learned that for many
people, the assessment itself serves as a brief but helpful clinical intervention, particularly when the
consumer and therapist create a shared clinical formulation, discuss treatment options that include
self-help strategies, and explore barriers and facilitators to recovery. This assessment process is highly
regarded by the patients of both clinics.

Consumers also frequently report enormous difficulty understanding and navigating the existing
mental health service eco-system and some report using our services to seek advice about other
health services, a theme which we return to below. Consequently, our second lesson is that DMHS
need to offer a range of services in addition to online treatment, including information, assessment,
triage and referral to other services. It should be noted that there are differences between our two
clinics, with more people using the OTU reporting they are seeking treatment compared with users of
MindSpot [55]. Thus, the specific services offered by DMHS may vary between jurisdictions, possibly
reflecting differences in how the clinics are perceived and promoted, and differences in the needs of the
local community.

3.1.3. Lesson 3: DMHS are used by a Broad Cross Section of the Population

Our third lesson is that a diverse cross section of our communities access our services, including
indigenous Australians and Canadians [56], people on low incomes, people living in rural and remote
regions, and other groups who often under-utilise traditional health services. We stress that our DMHS
are not a panacea in this regard. Instead, we note that the widespread use of internet-enabled devices
to access a range of services, including education, banking, entertainment and other domains, has
extended to healthcare. In a similar way, DMHS have considerable potential to reduce, to some degree,
the inequality of access to mental health.

A striking example is the ability of DMHS to reach people living in rural areas. Almost 40% of
MindSpot users report living outside major metropolitan areas, with many living in rural or remote
parts of Australia, including islands off the mainland. Similarly, 28% of OTU users are from rural
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locations and 32% from small cities. Collectively, these people live in locations where access to health
services is limited or sometimes non-existent [55]. A further example relates to engagement by older
adults. Across both clinics, approximately 6% of users are over the age of 60, which is a group that
often experience difficulty accessing mental health services, including for reasons related to physical
impairments. The experience at both clinics is that older adults strongly engage in treatments and
often obtain large improvements in symptoms [42].

A final example relates to socio-economic disadvantage. A recent analysis of MindSpot data
found that users come from all socio-economic backgrounds, including 33% from the lower four deciles
of socio-economic status, a group who are more prone to experience a disadvantage and difficulties
accessing mental health services.

3.2. Level 2: Lessons Working with Therapists

Both clinics have now trained large numbers of therapists, previously experienced in delivering
face-to-face care, to deliver DMHS. Key lessons have been that therapists working in DMHS require
specialised skills and therefore, require specialised training and supervision to acquire and maintain
those skills.

3.2.1. Lesson 4: DMHS Require Specialised Therapist Skills

An important lesson is that the skills and knowledge required for effective delivery of DMHS are
sufficiently different to those associated with traditional models of care to warrant specialised training
and supervision [57]. Obvious examples include the need for DMHS therapists to become competent
in the use of clinical software platforms and in engaging with patients via telephone or text-based
communication, including responding appropriately to very long messages or technical questions,
skills that are not taught in most clinical training programs [23,40,58].

However, there are less obvious reasons for providing specialised training and supervision. First,
therapists new to DMHS often intellectually understand that DMHS treatments can result in similar
outcomes to face-to-face treatment [10,59] but may initially expect DMHS treatments to produce poorer
outcomes, a sentiment they may communicate to consumers [23]. New therapists also often find that
their assumptions about mechanisms or facilitators of recovery are challenged, particularly when they
learn that DMHS patients can develop very strong therapeutic alliances [60] and may obtain large
clinical improvements, even after choosing not to have regular therapist contact [55]. Related to this,
therapists are often surprised to learn that the structured educational aspects and resources associated
with DMHS offer significant advantages over traditional clinical care where such resources may not
be used.

A second reason for providing specialised training and supervision is to support DMHS therapists
to successfully process the transference and other dynamics that occur when delivering DMHS to large
groups of patients at once. An example of this is the temporary increase in symptoms experienced
by many consumers at mid-treatment when they begin to apply skills learned in treatment in their
everyday lives. These lapses usually resolve and most continue to recover. This process is familiar to
experienced therapists, who can help patients understand this trajectory and can manage their own
reactions. However, the effect can be magnified by the large numbers of patients in each treatment
cohort, leading to feelings of intense elation or sometimes disillusionment, particularly when some
patients choose not to engage with the therapist but have not made this clear at the outset. A strong
framework of training and supervision can assist therapists to understand and adapt to these patterns
and maintain confidence in both their own performance and the effectiveness of the treatment programs.

49



J. Clin. Med. 2019, 8, 1239

3.2.2. Lesson 5: DMHS Require Specialised Clinical Processes

This lesson reflects important differences in the clinical procedures and processes used in DMHS
compared to traditional mental health clinics. An obvious example is the use of structured ICBT
interventions, questionnaires and outcome measures used in DMHS, the delivery of which are governed
by procedures which regulate therapists’ actions more than they would in typical in face-to-face services.

This level of structure reflects how DMHS attempt to manage both quality assurance and treatment
to large numbers of consumers. Therapists experienced in working at DMHS can efficiently deliver
individualised care within these structured frameworks, but this is more difficult for less experienced
therapists. Another lesson has been the importance of robust systems for not only training and
supervision [58,61], but also the recruitment and retention of clinicians who are comfortable with
relatively high levels of structure and process [23].

Another example of how DMHS differ from traditional face-to-face mental health services, at
least in our jurisdictions, relates to the use of PROMS and patient-reported experience measures
(PREMS) [62–64]. Despite the documented utility of PROMS and PREMS in clinical care, they are
infrequently used in traditional services, and rarely as a therapeutic tool for guiding discussions or
decisions about treatment or as a method for improving the quality of care. Since our clinics routinely
administer PROMS and PREMS during and after treatment, we provide specific training for new
therapists to increase their comfort and competence in using measures of outcome and experience [61].

3.3. Level 3: Lessons Operating Services

3.3.1. Lesson 6: The Operation of DMHS Require Specialised Systems and Skills

This lesson is obvious, but we include it here because we underestimated the complexity of
developing and delivering safe and effective DMHS. We expected that our DMHS would be similar to
traditional face-to-face clinical mental health services or an extension of the operations used in our
large-scale clinical research trials. However, we quickly learned that safely and effectively operating
DMHS required attention in at least four areas.

First, DMHS require robust procedures to define and effectively manage safety risks for people
presenting with more severe and complex needs than seen in our clinical trials [30] and who often
live in remote locations. This requires developing expertise in evaluation of risk via telephone or
online communication, the ability to contact emergency services that are available near where the
patient is located, how to refer to such services, and how to stay abreast of changes in their referral and
contact details.

Second, although operating DMHS involve similar skills as those required for operating traditional
mental health services, including management, human resources, marketing and IT [25], we found that
DMHS were sufficiently different to warrant employing people with additional expertise, including
skills relevant to telehealth, social media and online marketing.

Third, and in addition to the urgent requirement for establishing robust systems of organizational
and clinical governance we recognised that in order to effectively lead our services, we personally
needed to develop commercial and management skills, domains in which we, as clinical researchers,
had little or no experience. We also needed to address challenges relating to regulation; for example at
MindSpot, we needed to determine which of the myriad of possible regulatory frameworks applied to
our activities [65] given that most [66] had been developed for traditional face-to-face services. Within
the OTU, a similar issue requiring attention was how to meet the different regulatory requirements for
services provided by therapists from psychology and social work.

Establishing, maintaining, and subsequently improving our operational systems has required a
considerable work effort. Whilst we have recruited specialist staff to assist with such efforts, due to the
novelty of DMHS, we often also sometimes found it necessary to train and develop our own staff in
these operational and managerial roles.
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3.3.2. Lesson 7: Digital Mental Health Clinics Evolve

This lesson represents another difference between DMHS and traditional clinical services.
Traditional services may change frequently, but the change is usually limited to organisational
structure or branding, with less frequent changes to the service or delivery models. By contrast, our
DMHS regularly undergo significant changes in procedures, systems, and even service delivery models
due to developments in research, technology, the changing expectations of consumers, and changes in
the policy priorities of the funding bodies. However, the most frequent changes stem from reviewing
our outcomes and procedures.

For example, within the OTU, changes within recent years include (1) replacing disorder-specific
ICBT programs with a transdiagnostic treatment program in light of the extensive comorbidity
found among patients seeking services and the efficiency of delivery compared to disorder-specific
programs [24], (2) ongoing trials to determine the best level of support and specialisation by
therapists [40,67], and (3) the expansion of services to address other needs in the community, such as
ICBT for pain [22].

Regular change has significant implications for the operation of our clinics. For example,
management needs systems for reliably collecting and analysing data, the ability to develop and test
alternative models, and the skills and authority to make decisions. The individuals given the task
of implementing change need project leadership and change management skills and procedures to
plan and deploy changes. Furthermore, therapists and other staff need to be prepared for and willing
to implement changes. This means that all staffmembers need to be adaptable and change needs to
become part of the culture of the DMHS.

3.4. Level 4: Lessons Working with Health Systems, Funders, and Policy Makers

This final group of lessons summarises key learnings derived from working with and influencing
health systems, in particular, the future role and value of DMHS within health systems.

3.4.1. Lesson 8: Integrating DMHS within Health Systems Is Challenging

Our DMHS reside within enormously complex health systems which might be more accurately
described as interconnected nodes of care rather than true systems. For example, mental health services,
while all purporting to share the aim of improving mental wellbeing, often target different groups and
may be accountable to different policy and regulatory frameworks. Health services also differ with
respect to funding, and in both Canada and Australia, funding for different types of mental health
services can be provided by the federal government, state/provincial government, state mental health
commissions, non-governmental organisations and individual consumers. As a result, mental health
services are often fragmented, poorly connected, and difficult for consumers to navigate.

The complexity of health systems and their resistance to change created a number of threats to
the sustainability and stability of our DMHS, particularly in our early years of service delivery. We
were able to overcome such challenges by building strong relationships with key stakeholders and in
particular, by publishing outcome data that documented the value of the services. This data has also
assisted in defining the role of DMHS in the broader mental healthcare system, including as services
which improve access to patients who would otherwise not access mental health services.

These so-called external-facing activities have required considerable time and effort. Participation
in such activities has required us to learn the sometimes-subtle rules of engaging with other
organisations, to commit to regular participation in networking activities, and to make frequent
efforts to build and maintain collaborations. Such activities can be enormously time consuming but we
have found that they are an essential component of successfully delivering our DMHS.
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3.4.2. Lesson 9: DMHS May Change the Mental Health System

By providing services to large numbers of consumers and because of our routine collection of
outcome data, our clinics are having a growing influence on the health system and are increasingly seen
as agents or examples of change. In Canada, the experiences and activities of the OTU have influenced
the development of e-mental health in several ways [68]. In Australia, data from MindSpot has helped
inform long-term government planning and funding strategies for mental health services [69], not only
DMHS. The data and outcome driven reports prepared by our services are often in marked contrast to
submissions by other groups, which may be based more on opinion rather than on evidence. Hence, an
important role of DMHS is to inform policy makers and funders to help improve the broader mental
health system by presenting data drawn from a broad cross section of the community and also to
nudge traditional services to adopt systems of measurement and reporting of outcomes.

3.4.3. Lesson 10: DMHS Are Not a Panacea

We are struck by how often mental health funders and policy makers, when presented with the
evidence from our DMHS, become enthusiastic about their potential without an appreciation of their
limits. These limits include the so-called digital divide, that is, the group in society who does not use
digital devices, those with very low levels of literacy, and those in crisis, who can benefit from contact
with DMHS, but may be better off with a mental health service that includes direct human interaction,
as well as those who prefer to see someone face-to-face.

In all our communication, we emphasise that DMHS should complement and not replace existing
services. We also emphasise that attention must be paid to systematically evaluating delivery methods
that combine the best elements of DMHS with traditional services, including blended care [70–74].
We also stress that consumer knowledge of DMHS is still limited and that even brief education about
DMHS can improve consumer perceptions and uptake of services [75]. These observations lead to our
final lesson that whilst acknowledging that DMHS can significantly improve access to safe, clinical and
cost-effective care, our DMHS are not a panacea.

4. General Discussion

This paper aimed to assist other emerging DMHS by sharing ten lessons we learned from
successfully delivering DMHS to very large numbers of consumers. Some of these lessons might seem
obvious, but their importance was not always apparent when we started our services. Several key
themes are discussed below, followed by recommendations.

One theme is that we expect that demand for this service model will grow. The number of patients
treated using ICBT in the OTU has more than doubled in the past four years. The threshold for
accessing this model of care is significantly lower than traditional face-to-face services and consumers
are becoming increasingly comfortable with using technology to access a broad range of services,
including health services. Along with a growth in numbers, we expect that existing DMHS will become
more tailored to different populations, for example, people in certain occupations, different cultures, or
who have been referred from different pathways, although our experience is that the extent to which
the treatment course materials need to be customised is considerably less than expected [56,76–78].

A second theme is that the workforce requires specialised training, clinical supervision and
support. This raises broader issues about workforce planning and training programs. We note that
many professional bodies have recognised the importance of education and training of mental health
professionals and standards in this model of care [79–82] but that few training programs in any mental
health discipline offer courses or training opportunities specifically for digital mental health. The
absence of such training opportunities poses significant risks for the future sustainability and quality
of the field.

A third theme is that the delivery of DMHS requires specialist skills in both clinical and operational
domains. We also note that although the costs to entry of developing a DMHS, especially a low volume
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service, might be relatively low, the costs of maintaining quality services can be high. Inadequate
funding and inadequate organisational governance can affect the reputation, credibility, and therefore,
the potential of the emerging field of DMHS [83]. Hence, we strongly encourage anyone seeking
to launch a DMHS to carefully consider the governance frameworks that will ensure the safe and
sustainable delivery of services, or to consider licensing their interventions to groups who have proven
success in implementing similar services.

Another theme is that the field of DMHS is rapidly evolving. We encourage those seeking to
start a DMHS to consider trialing different models of care to those currently used by existing DMHS,
including testing different levels of therapist support [24,40,55] and testing care which combines both
face-to-face and online delivery. We note the important work conducted by our European colleagues
on blended care [70–74] and by others on mobile services [13] and encourage collaboration in order to
collectively develop the most effective models of care.

Our final theme relates to recognising the true value proposition of DMHS. We maintain that they
are not a panacea but instead serve several valuable functions, including as a useful complement to
existing services, as a way of improving equity of access to mental health care for common psychological
disorders, and as a stepping stone to other services. Over-promising may increase the likelihood of
short-term funding, but poorly designed and delivered services might harm consumers, disappoint
stakeholders and risk the future of DMHS.

4.1. Recommendations

These observations lead to several recommendations which we encourage those contemplating
developing DMHS to consider. First, we recommend that new DMHS recruit not only appropriately
skilled therapists, but also people with commercial and professional skills, ideally with experience
in digital service delivery. Second, given the unique challenges of DMHS, we recommend the
development of both thorough initial training of therapists, as well as of systems for ongoing training
and supervision. Third, given the likelihood that demand for DMHS will grow, we strongly encourage
that organisations involved in training and certification of mental health professionals add content and
training opportunities relevant to the competencies required in DMHS.

Fourth, we recommend that emerging DMHS measure and publish their outcomes, including
disappointing and negative effects outcomes [84]. We also encourage DMHS to engage with policy
makers and funders to develop mental health policy grounded in evidence rather than in opinion.
Finally, we strongly encourage DMHS to engage with their consumers in appropriate co-design and
evaluation activities to ensure services are not only effective but acceptable to consumers.

4.2. Strengths and Limitations

We believe that the main strength of this paper stems from the authors’ shared experience in
launching and steadily improving successful high volume DMHS. However, we acknowledge several
weaknesses, including that the list of lessons is non-exhaustive and did not include some of the
significant challenges associated with managing funding insecurity or bureaucratic and professional
challenges within the field of mental health, topics we will return to in a subsequent publication. We
also acknowledge that our experiences may not reflect those of other DMHS.

4.3. Conclusions

This paper described ten key lessons learned by the authors when developing, delivering, and
evaluating DMHS. Despite the challenges, provided they are delivered safely, effectively and with
strong clinical, operational and organisational governance, we remain highly optimistic about the
potential of DMHS to reduce the global burden of the high prevalence of mental disorders.
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Abstract: (1) Background: Blended cognitive behavioral therapy (bCBT; online and face-to-face
sessions) seems a promising alternative alongside regular face-to-face CBT depression treatment in
specialized mental health care organizations. Therapists are key in the uptake of bCBT. This study
focuses on therapists’ perspectives on usability, satisfaction, and factors that promote or hinder
the use of bCBT in routine practice; (2) Methods: Three focus groups (n = 8, n = 7, n = 6) and
semi-structured in-depth interviews (n = 15) were held throughout the Netherlands. Beforehand,
the participating therapists (n = 36) completed online questionnaires on usability and satisfaction.
Interviews were analyzed by thematic analysis; (3) Results: Therapists found the usability sufficient
and were generally satisfied with providing bCBT. The thematic analysis showed three main themes
on promoting and hindering factors: (1) therapists’ needs regarding bCBT uptake, (2) therapists’ role
in motivating patients for bCBT, and (3) therapists’ experiences with bCBT; (4) Conclusions: Overall,
therapists were positive; bCBT can be offered by all CBT-trained therapists and future higher uptake
is expected. Especially the pre-set structure of bCBT was found beneficial for both therapists and
patients. Nevertheless, therapists did not experience promised time-savings—rather, the opposite.
Besides, there are still teething problems and therapeutic shortcomings that need improvement in
order to motivate therapists to use bCBT.

Keywords: cognitive behavioral therapy; blended treatment; depressive disorder; implementation;
therapists’ perspective; routine care

1. Background

Face-to-face (FtF) cognitive behavioral therapy (CBT) is an evidence-based treatment for
depression [1]. According to international guidelines, CBT is a standard option for treating patients
with depression in specialized mental health care [2]. Unfortunately, patient access to CBT is hindered
by several barriers such as perceived personal stigma, costs, long waiting lists, and limited availability
of licensed therapists [3,4]. It seems therefore promising to offer CBT with the support of technology
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and without the FtF sessions, thereby potentially reducing therapists’ time and costs due to increased
involvement of patients themselves. In Internet-based cognitive behavioral therapy (iCBT), treatment
access can be improved to offer CBT on an online platform. This would help reduce stigma, waiting
lists, and costs, since patients can work through sessions at their own pace, in their own time, and
therapist time is lessened. It has been shown that iCBT, especially with online therapist guidance, has
good clinical effects for patients with depression [5,6].

In geographically dispersed countries like Canada and Australia, online clinics have successfully
reached many patients through iCBT (e.g., Mindspot Clinic, Online Therapy Unit) [7]. In the
Netherlands, iCBT, with guidance at a distance, has been offered by Interapy for more than two
decades (www.interapy.nl). This mental health care organization (MHO) was founded as an online
therapy center and provides specialized online evidenced-based care for among other thing depression,
trauma and panic disorder. Other MHO’s, where face-to-face treatments are the standard, also are
implementing iCBT to improve patient access and make treatments more cost-efficient. However, iCBT
uptake in MHOs is limited. This might be partly because therapists perceive iCBT to be limited in crisis
situations, ineligible for severe depressive symptoms, and having a one-size fits all approach [8,9].
In addition, given the relatively high density of mental health services, the need for iCBT in the
Netherlands may differ from elsewhere.

Blended CBT, a new format of iCBT, which has been recently adopted by MHOs in routine care
systems in the Netherlands, could address the limitations since online sessions are combined with FtF
sessions in a single, integrated, standardized CBT treatment protocol [10]. bCBT aims to improve both
quality of care and cost-efficacy by replacing a portion of the FtF sessions with online sessions [11,12].
Through reducing the number of FtF sessions, therapists’ time is saved, they can potentially treat more
patients, and waiting lists can be shortened. In addition, within the online platform, therapist contact
is extended beyond the FtF sessions by online communication. A number of studies have shown that
bCBT can be effective in treating patients with depression [13–15]. However, similarly to iCBT in
MHOs, the uptake of bCBT by therapists and patients is limited as it has not yet been implemented
across the board in MHOs in the Netherlands and elsewhere [16].

The gap between promising research findings and the limited iCBT and bCBT uptake in routine
practice was one of the reasons behind the European MasterMind project, designed to increase
and evaluate uptake and implementation of Internet-based interventions in ten European countries
(www.mastermind-project.eu) [17]. In MasterMind there was a specific focus on therapists’ perspectives,
as they play a substantial role in the uptake of iCBT and bCBT. And besides, studies concerning
therapists’ perspectives in routine practice are scarce [18].

In a qualitative study in Germany, several barriers and facilitators were identified based on
the perspectives of therapists (n = 5) providing bCBT alongside a randomized controlled study [19].
Key issues varied from problematic platform technology to an unclear concept of embedding bCBT
in the mental health care system. Despite the barriers, therapists viewed bCBT as an adequate
treatment option for patients with depression. To build on this, more in-depth knowledge on therapists’
perspectives in specialized routine care could contribute to optimizing uptake of bCBT, as the therapists’
workflow and patient-related factors are more complex in daily practice than in research settings.

The objective of this qualitative study was to investigate therapists’ perspectives in routine care
when transitioning to using bCBT as an alternative alongside CBT for patients with depression within
outpatient specialized mental health care settings in the Netherlands. To increase insight into the
factors that influence uptake of bCBT in routine care, the following questions were answered using
data triangulation [20] in the context of questionnaires, focus groups, and semi-structured interviews
with therapists:

• What are the therapist perspectives on bCBT usability (e.g., perceived ease of use of the platform)?
• How satisfied are therapists with offering bCBT (e.g., overall satisfaction with bCBT)?
• What are the therapist perspectives on factors that promote or hinder the use of bCBT in daily

practice (e.g., training, patient eligibility, safety)?
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2. Methods

2.1. Therapists

Therapists were (CBT trained) psychologists, mental health nurses, or psychiatrists working at
seven MHOs where bCBT had been implemented. To be included in the study, therapists had to be
trained in the use of the online platform prior to or during the study period.

The therapists were employed at small (200 registrations for depression per year) to large
private-non-profit MHOs (5000 depression registrations per year) spread across the Netherlands.
All organizations had bCBT available on a platform from the same large commercial provider
(Minddistrict; www.minddistrict.com)—most since 2014. MHOs provided bCBT training to (all
or a part of) their therapists either ‘in-house’ or externally by the provider, or via online training.
The estimated duration of the training varied from four hours to two days. MHO’s stimulated therapists
in different ways for bCBT (e.g., by setting bCBT targets or by special blended consultation hours),
however therapists could make their own decision about the treatment of choice.

2.2. Recruitment

Through other users of the Minddistrict platform and personal contacts of the authors, 10 MHOs
were invited to be part of the study because they implemented an online platform into routine care.
One MHO withdrew because it ceased to exist, another MHO was too busy with ongoing other projects
and trials, and one MHO switched to a different platform provider and needed time to explore other
providers. In total, seven MHOs participated.

Therapists were identified through team managers, and other specially members of different
teams, appointed by the manager of the MHOs. Therapists for focus groups or in-depth interviews
were purposively sampled to cover diversity of use and experience with bCBT, age, professional
background, and geographic region. First, therapists from two MHOs were invited to participate in a
focus group. The focus groups were held within the context of the European implementation project
MasterMind. The MasterMind project ran from March 2014 to February 2017. For a more detailed
description, see the study protocol of the MasterMind study in the Netherlands [18]. In total, 3 focus
groups were held with 21 participants.

Second, to add more depth to the topics discussed in the focus groups, complementary
semi-structured individual interviews were held with therapists (who had not participated in the focus
groups) from seven MHOs. After 15 interviews, no new information or themes were brought up and
data saturation was reached. Two weeks prior to the focus group and interviews, all participating
therapists received an informed consent form and questionnaires were used to gather information on
therapist demographics, satisfaction, and usability of bCBT via a secure online survey tool (Survalyzer;
www.survalyzer.com). Figure 1 provides an outline of the study.
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Figure 1. Study outline.

2.3. Intervention

Therapists worked with an integrated bCBT protocol in which FtF and online sessions were
alternated. The blended protocol for depression mostly consisted of 10 online sessions. These were
supported by FtF sessions (for mild or moderate depression 5 FtF sessions every two weeks; and for
(very) severe depression 10 to 11 weekly FtF-sessions). bCBT started and ended with a FtF session.
Therapists could individualize the protocol to the patient’s needs by repeating and/or skipping online
sessions. More detailed information about the protocol can be found elsewhere [21].

Patients could be offered bCBT if (1) they were aged 18 years or older; (2) had a mild, moderate, or
severe depression as a primary diagnosis according to the therapist; and (3) were indicated for cognitive
behavioral treatment for depression following routine secondary mental health care procedures.
Exclusion criteria were (1) not having a valid email address and a computer with Internet access and
(2) not having adequate Dutch language skills (both verbal and written).

Therapists had access to the (Minddistrict) platform through a dashboard, which showed
treatment sessions, including homework assignments, and had optional functions for a patient diary
and depressive symptom questionnaires. The role of the therapists was to monitor the patients’ online
progress and to provide patients with personalized written feedback to homework assignments after
each completed online session. Therapists could additionally communicate through a message function
on the platform about practical issues (e.g., upcoming appointments, reminders, or questions about
assignments). The safety of the platform was guaranteed by meeting the European requirements for
certified data security [22].

2.4. Data Collection

2.4.1. Questionnaires

The 10 items of the System Usability Scale measured perceived usability (SUS) [23]. The SUS
is a validated questionnaire for evaluating usability of Internet-based interventions as perceived by
therapists and showed a good reliability (omega coefficient = 0.91) [24]. It is unofficially translated in
Dutch [25]. The score for the total score range from 0 to 100. A score above the cut-off of 68 is considered
to be above average [26]. The Client Satisfaction Questionnaire-3 measured satisfaction with bCBT
(CSQ-3), is officially translated to Dutch [27] and was adapted to therapists (e.g., CSQ1 = To what extent
has the bCBT intervention met your needs in treating depressed patients?). The CSQ showed good
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reliability (McDonald omega = 0.95) and validity in a sample of Internet-based depression intervention
users [28].

2.4.2. Focus Group Interviews

To identify relevant therapist factors in bCBT uptake, dimensions of the RE-AIM framework
(Reach, Effectiveness, Adoption, Implementation, Maintenance) [29], the MAST framework (Model for
assessment of telemedicine) [30], and the normalization process theory [31] were used to build and
structure the focus group topic list (see File S1 in Supplementary Materials). The main predetermined
themes were: patient and therapist factors, barriers and facilitators, satisfaction and usability. The focus
group was pilot tested with a moderator and three participants who acted as therapists to refine
the topic list and time management. Key questions were presented on a PowerPoint presentation
during the therapist focus groups. Via a mobile voting system (Sendsteps; www.sendsteps.com),
participants could give their opinion on certain questions and statements in order to stimulate
discussion. Discussions were moderated by senior researcher and co-author S.D. with experience in
conducting focus groups. They were assisted by researcher and first-author M.M. The focus groups
were audio-recorded. The duration of the focus groups was 100–115 min and they took place at the
participating MHOs. To increase validity, a transcript of each focus group was sent to each participant
for feedback.

2.4.3. Semi-Structured In-Depth Interviews

In semi-structured interviews, therapists were asked individually to reflect on the same topics as in
the focus groups to further explore personal experiences. In addition, questions were added based on
interview guides from previous research [19,32,33] as well as outcomes of the focus groups; there were
slightly different questions for therapists with and without experience in providing bCBT for depression
(see File S2 and S3 for the topic lists in Supplementary Materials). After 10 interviews, 3 additional
topics were added since these seemed relevant to therapists (e.g., experience with writing online
feedback, preferred ratio of online versus FtF sessions and preferred starting point for introduction of
online platform). Interviews were conducted by two researchers (M.M. and C.v.G.). The interviews
lasted 35–90 min. Most interviews were held at the MHOs (n = 10); five were conducted by telephone
for practical reasons. The interviews were audio-recorded. An interview transcript was sent to each
participant for respondent validation.

2.5. Data Analyses

Descriptive analyses (frequencies, means, and percentages) of the quantitative data (demographics
of therapists, perceived satisfaction, and usability) were performed with SPSS, version 22.0 (IBM Corp.
Armonk, NY, USA). Atlas-ti.7 software was used for qualitative analysis (version 7 and 8, Scientific
Software Development GmbH. Berlin, Germany).

Focus groups and semi-structured in-depth interview transcripts were concurrently analyzed
with thematic analysis techniques guided by the following steps [34]: (1) familiarization with the data;
(re-)reading of the transcripts and field notes; (2) generating initial codes; developing a codebook; (3)
searching for (sub)themes; identifying broad topics; refining codebook; (4) reviewing the (sub)themes;
(5) defining and naming (sub)themes; and (6) reporting. Anonymity was assured by using code
numbers instead of names. Each sentence in the transcripts could contain multiple codes, and
concurrent sentences of the same thematic code could be conjoined into one unit.

In the results section, therapist’ quotes were selected to illustrate the essence of a (sub)theme.
The statements reflected perspectives from both focus groups and interviews. We chose to pool these
sources as similar topics were discussed and no overlap existed between the therapists who participated
in the focus groups and interviews. Both contributed to a more comprehensive understanding of
therapists’ perspectives. When a perspective concerned a minority of therapists, patients, or other
therapists within the participating organizations, this is explicitly mentioned.
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To ensure reliability, agreement on codes and concepts between members of the research team was
sought. Researchers M.M., C.v.G., and S.D. coded 4 interviews together until acceptable agreement
(Fleiss kappa >0.50) was reached [35]. The remaining interviews were divided equally between
researchers M.M. and C.v.G. Data collection process, data analysis, and any interim findings, as well as
quality and methodological aspects, were discussed in the research group continuously.

2.6. Ethical Issues

The study was approved by the Medical Ethics Committee of the VU medical center, Amsterdam.
They confirmed that the Medical Research Involving Human Subjects Act does not apply (registration
number 2014.580) because therapists in this study were not required to follow certain procedures on
behalf of the research (no randomization), and routine practice was followed. An internal scientific
research committee approved the research proposal.

3. Results

Table 1 presents therapist demographics and experience. With respect to distribution of experience
with bCBT for depression, 42% of the therapists had considerable bCBT experience (providing bCBT 5 to
20 times or more), 42% had little experience (providing bCBT 1 to 4 times), and 17% had no experience.

Table 1. Therapist demographics and experience.

Therapist Demographics n = 36

Gender, female, n (%) 29 (81)
Age in years, mean (SD; range) 38 (9.5; 24–60)
Professional background, n (%)

Licensed psychologists 20 (56)
Psychologists in training under supervision for health

care psychologists 5 (14)

Mental health nurses 5 (14)
Other (e.g., psychiatrists, prevention workers) 6 (16)

Professional experience, n (%)
0–2 years 3 (8)
3–4 years 8 (22)
5–9 years 10 (27)

10 years or more 15 (42)
bCBT depression treatment experience, n (%)

0 times 6 (17)
1–4 times 15 (42)
5–9 times 8 (22)

10–19 times 2 (6)
20 or more times 5 (14)

3.1. bCBT Usability

The mean SUS total score was 69.5 (SD 11.1; range 42.5–90.0). This score indicates sufficient
usability of the bCBT platform. In the focus groups and interviews, therapists indicated that the
usability had evolved over time. However, the current technical status still needs further improvement.
For some, platform usability was a barrier to providing bCBT because many extra actions were required
(e.g., logging in, finding the module, setting up the sessions). In addition, there was no integration
with other (administrative) computer systems that therapists frequently use (e.g., electronic medical
records). Moreover, therapists felt hampered by the lack of knowhow and of a clear overview of all the
functions and were unsure how to adapt the protocol. For example, it was unclear to them how to add
sessions focused on panic attacks. Some therapists felt the platform usability was complicated and not
intuitive. Unexpected updates by the provider did not improve this. For therapists with little bCBT
experience, the concern that they would be unable to assist patients with technical problems was also a
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major barrier. In addition, therapists had negative experiences with contacting the helpdesk (e.g., lack
of expertise): “I trained myself to not contact the helpdesk anymore” (T23, experienced).

3.2. bCBT Satisfaction

On the CSQ-3, 77% of therapists stated that bCBT met all or almost all their needs; 94% were
overall very or mostly satisfied with bCBT; and 97% would recommend bCBT in the future to their
patients. Interestingly, in the focus groups and interviews, the opinions of other therapists about
satisfaction were divided: some thought that most therapists were generally satisfied, others said: “I
also think that therapists are rather dissatisfied. bCBT isn’t used on a large scale. This means they
must be dissatisfied, otherwise they would use it” (T28, no/little experience).

Most of the therapists indicated that they would like to use bCBT in the future, but this depended
on several preconditions that needed to be addressed: platform usability, their current work routine,
and more guidelines on how to use bCBT.

3.3. Factors That Promote or Hinder Uptake of bCBT

Regardless of the amount of bCBT experience, therapists were in favor of bCBT. Their views on
the factors that promoted or hindered the use of bCBT in daily practice were structured along main
themes identified in thematic analysis: (1) therapists’ needs regarding bCBT uptake, (2) therapists’ role
in motivating patients for bCBT, and (3) therapists’ experiences with bCBT (See Table 2 for main and
subthemes).

Table 2. Therapists’ blended cognitive behavioral therapy (bCBT) uptake in routine practice, main
themes, and subthemes.

Theme (1) Therapists’ Needs
Regarding bCBT Uptake

Theme (2) Therapists’ Role in
Motivating Patients for bCBT

Theme (3) Therapists’
Experiences with bCBT

Therapist training
Therapist motivation

Therapist readiness for uptake

Informing patients
Patient eligibility
Patient resistance

Effectiveness for depression
Positive effects

Negative effects
Treatment protocol

Therapeutic relationship
Online feedback skills
Drop-out and safety

3.3.1. Theme (1) Therapists’ Needs Regarding bCBT Uptake

This theme addresses factors related to therapists’ needs in providing bCBT to patients with
depression. The identified subthemes were: therapist training, therapist motivation, and therapist
readiness for uptake (Table 3).

Table 3. Theme (1) Therapists’ needs regarding bCBT uptake, subthemes, influencing factors, and
illustrative quotes.

Subtheme Influencing Factors Illustrative Quotes

Therapist training (+) sufficient to learn the
technical aspects

“It is nice to have learned beforehand where all the buttons are
and what the possibilities are.” (T11, no/little experience)

(−) lack of therapeutic
content and guidelines in

the training

“I miss therapeutic content in the training and the qualifications
for the therapists to work with it.” (T25, experience)

(−) training alone is not
enough for uptake in

daily practice

“There is one training and then you’re released with the notion:
‘now you can manage everything’.” (T7, experience)
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Table 3. Cont.

Subtheme Influencing Factors Illustrative Quotes

(−) lack of ongoing
support

“There is a lack of time to delve into it, it should be facilitated
better and not end with a single training.” (T14, no/little

experience)

Therapist
motivation

(−) demotivated
therapists

“What bothers me most when it comes to blended is that it has
been made mandatory, mainly because we’ve to meet a certain

percentage of blended treatments.” (T34, experience)

(+) motivated therapists “If you are a psychologist, and you are interested in your
profession, you should just use it.” (T9, experience)

(−/+) undecided
therapists

“You have to get out of your comfort zone to discover what the
added value of blended is.” (T31, no/little experience)

Therapist readiness
for uptake

(−) small select group
uses bCBT on a regular

basis

“When I look at my team, it seems only one person is trained, I
don’t really hear others talk about it.” (T36, experience)

(+) expected to
grow in future

“I’d like to use blended in the future, but first I’d like more ideas
on how to use it (T6, no/little experience)

(−/+) making bCBT
mandatory

“I once heard that you need a certain percentage of online
contacts—that would work for me.” (T2, experience)

Note. (−) factor that influenced the bCBT uptake negatively, (+) factor that influenced the bCBT uptake positively,
(−/+) factor that influenced the bCBT uptake positively and negatively.

Therapist Training

Most therapists found the training formats sufficient for providing bCBT. The focus in the training
formats was primarily targeted at technical aspects and less at therapeutic content. The therapists
reported that they needed more guidelines and tools for providing online feedback, to keep patients
engaged and to prevent them from deviating from the protocol. The training formats in their current
form were probably sufficient for the ‘early adopters’ but less suited for therapists with limited
computer skills, the older generation, or new graduates.

Moreover, undergoing training alone was not enough. Therapists found it difficult to familiarize
themselves with the platform, and integrate bCBT into existing systems and into their daily workflow.
Time constraints were the most frequently cited barrier for uptake of bCBT. This was mainly due to a
high caseload. Plus, therapists felt that the implementation ceased after the training was provided, and
that the training was fragmented and was introduced too suddenly. Consequently, some organizations
offered therapists a special consultation hour or extra training day. Yet, only a select group of motivated
therapists turned up at these events. In order to integrate bCBT into their work routine, therapists
needed more ongoing technical and content support in the form of supervision or peer review.

Above all, every qualified therapist was considered able to provide blended treatment, mostly
because bCBT was perceived as being very similar to regular CBT. However, they also believed that
therapist qualifications and professional background have so far been overlooked. They felt sufficient
knowledge and professional experience of CBT should be a criterion for being trained in bCBT.

Therapist Motivation

Therapists in this study were motivated for bCBT. Their colleagues could roughly be divided
into three groups based on their motivation: demotivated therapists, motivated therapists, and an
inexperienced group that needed more motivation.

Therapists estimated that about half of their therapist colleagues were not motivated for bCBT.
They thought that perceived pressure from the MHOs and health care insurance companies worked
counterproductively. Other reasons were varied. Some thought that a number of colleagues tended
to resist every innovation implemented by the organization. For others, the reasons were fear-based:

66



J. Clin. Med. 2020, 9, 91

(1) fear that technology will eventually take over, (2) fear of losing contact when a patient is inactive
on the platform, (3) fear of not offering patients the amount of help they need, and/or (4) fear that
they would do something wrong or would come across as unprofessional towards patients. A
specific group of therapists, who were enthusiastic at the start but due to negative experiences with
(other/outdated/unguided) Internet-based interventions, lost interest or became sceptical about the
clinical effects of bCBT. This was mainly due to technical issues and higher patient drop-out rates.

Motivated therapists were described as being younger, having affinity with technology, and being
interested in innovations in their field. Not every therapist was open to the idea of bCBT in the
beginning, but some adjusted their view based on (positive) experiences.

Non-experienced therapists were mainly profiled as lacking computer skills, having technical skills
insecurities, and belonging to an older generation with a traditional view on therapy. Interestingly, it
was stated multiple times that many therapists were open to bCBT and also were capable of delivering
it, but had reservations that first needed to be addressed. On top of a strong preference for FtF treatment
over bCBT, there are thought to be many therapists to whom the possibilities of bCBT were unknown
or remained unclear. They were often unaware of its added value or of research findings. For them,
the need for blended did not come from within. However, even though there might be many reasons
not to provide bCBT, therapists believed that only a small proportion are truly resistant to it.

Therapist Readiness for Uptake

Though most therapists received training on the back of an organization-wide roll-out, a number
observed that only a select group used bCBT on a daily base. To some, this was related to readiness
for uptake: the implementation of bCBT in routine care is considered to be at an early, transitional
stage. Although it might be too innovative for therapists and patients, they believed that a change
in perception toward bCBT will take place, and that readiness would increase as more patients start
asking for bCBT.

There was disagreement with respect to making bCBT obligatory or not. For some, it would
feed resistance toward bCBT and fuel the suspicion that bCBT was solely implemented for financial
reasons. Others believed that every therapist should ‘just use it’ or at least try it. It was also felt that
treatment should be ‘blended, unless a therapist has limited computer skills, or a different therapeutic
background or interest’. Most therapists stressed that for them, the precondition that blended stays
blended is of great importance, because of the fear that MHOs in the future might gradually transition
to online CBT.

3.3.2. Theme (2) Therapists’ Role in Motivating Patients for bCBT

The second theme concerns the role of therapists in motivating patients with depression to use
bCBT. The identified subthemes were: informing patients, patient eligibility, and patient resistance
(Table 4).

Table 4. Theme (2) Therapists’ role in motivating patients for bCBT, subthemes, influencing factors,
and illustrative quotes.

Subtheme Influencing Factors Illustrative Quotes

Informing patients

(−) difficult to motivate
some patients

“Sometimes there is so much going on, which leads me to inform
patients in an insecure or doubtful way, that makes them say ‘no,

I don’t want that’.” (T35, no/little experience)

(−) room for
improvement

“I think that therapists should ‘sell’ or promote bCBT more with
patients.” (T15, experience)

67



J. Clin. Med. 2020, 9, 91

Table 4. Cont.

Subtheme Influencing Factors Illustrative Quotes

Patient eligibility (−) eligible patient
unknown

“It is difficult to assess for whom it is eligible. Sometimes
someone who grew up with computers says, ‘oh no, not for me’,
and then a 65-year old says ‘nice, let’s do it’.” (T10, experience)

(−/+) discussion on
comorbidity/complexity/

depression severity

“I imagine that blended is less suitable for more complex cases.
But if I consider what I have in my caseload now, I think it

should be doable.” (T5, no/little experience)

(+) eligibility bCBT =
eligibility CBT

“In principle everyone is eligible for bCBT. I rarely think that it’s
not an option.” (T7, experience)

Patient resistance
(−) unclear image, too

demanding, not enough,
negative past experiences

“Patients don’t have a good image of bCBT. In their view it’s
more like an online questionnaire than a complete module, ‘I’ve

already answered those questions . . . ’.” (T9, experience)

(+) patient demand
expected to increase in

the future

“I think it will make an essential difference if patients ask for it.
That’s just a matter of time’.” (T1, no/little experience)

Note. (−) factor that influenced the bCBT uptake negatively, (+) factor that influenced the bCBT uptake positively,
(−/+) factor that influenced the bCBT uptake positively and negatively.

Informing Patients

Many therapists had difficulties informing patients about bCBT for various reasons. Reasons
given included the following: they were convinced that patients preferred FtF contact; blended was
considered too demanding for patients; or they thought that patients would not need bCBT. Therapists
thought that more effort could be put into convincing patients since the manner in which bCBT is
offered could influence patients’ reactions.

Therapists found it a disadvantage that patients did not ask for bCBT or lacked a clear idea of
what blended entails. Therefore, therapists believed it could be facilitating to offer it with enthusiasm,
to explain the added value: ‘patients can do more in their own time, there is more information to
their disposal, and they have more opportunities to practice, all in a secure environment’. It was
indicated that there is a lot of room for improvement when it comes to informing patients. It helped, for
example, if patients knew that it is their own therapist who communicates with them on the platform.
In addition, to increase uptake, therapists should not offer it as a treatment option, but as the standard
approach to treating depression. Some therapists offered blended as something extra, whereas others
showed patients the platform during intake to facilitate the switch to the platform at a later point
during treatment.

Patient Eligibility

Experienced therapists mentioned that the criteria for bCBT were very similar to the criteria for
CBT. No specific patient bCBT profile or type existed; eligibility was found to be person specific, not
predictable and sometimes even very surprising. Therapists with little or no bCBT experience gave
many different criteria for patient eligibility, which were predominantly based on perceptions.

A contributing factor to difficulties with informing patients was the unknown typology of
the eligible bCBT patient. Stated criteria for perceived non-eligibility were extensive: lack of
computer skills, preference for FtF treatment, fear of failure, lack of illness insight, low cognitive
capacities, limited language skills, insecure home environment, psychotic symptoms, suicidal ideation,
personality disorder, trauma, and complex or severe depressive symptoms. Perceived eligible patient
criteria were less elaborate: young age, having children, being employed, and mild to moderate
depressive symptoms.

Two interesting discussions took place about patient eligibility. Therapists disagreed about patients
who, besides depression, had autism, avoidance issues, limited social contacts, poor concentration
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skills, or had undergone CBT for depression in the past. Some therapists observed that these factors
prevented patients from engaging with bCBT, whereas others experienced that these factors made
bCBT explicitly eligible for these patients as well. Another point of discussion was the severity of the
depressive symptoms. Some therapists thought that bCBT was suitable for patients with complex,
severe problems, while others did not: it would be harder to activate them than patients with less
complex and more moderate symptoms. They would need more tools and explanations than bCBT
can possibly offer them.

Patient Resistance

Several reasons for patient resistance toward bCBT were observed: unclear bCBT image, misfit
with the traditional image of therapy among patients who had CBT in the past, fear of not receiving
the right amount of help, and thinking that the online component was too demanding. Therapists’
found that some patients were more difficult to motivate because they were inclined to generalize
negative experiences with previous Internet-based treatments (often unguided treatments in primary
care) to all other Internet-based interventions. However, most therapists, especially the experienced
ones, thought the vast majority of patients were positive about bCBT when offered. Most therapists
agreed that patient demand will increase in the future.

3.3.3. Theme (3) Therapists’ Experiences with bCBT

Within this theme, experiences with providing bCBT in routine care are discussed. The identified
subthemes were: effectiveness for depression, positive effects, negative effects, treatment format,
therapeutic relationship, online feedback skills, drop-out, and safety (see Table 5).
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Effectiveness for Depression

Therapists agreed that bCBT offered a good foundation for treating patients with depression.
Nevertheless, they also found that the therapeutic content of the online sessions needed improvement,
especially for patients with severe depressive symptoms who were characterized by more inactivity,
complex problems, and longer treatment history. Whether ‘the blended’ treatment format exists,
remained a question. Not based on research findings, but based on their experience, therapists
uniformly thought that bCBT and FtF CBT could be equally effective. bCBT mainly helped to structure
treatment and both patient and therapist to remain focused.

Positive Effects

The most cited positive effect was containing therapist drift; platform functionalities facilitated
therapist (and patient) focus and protocol adherence more than in regular CBT because of the pre-set
structure of bCBT. Therapists found it easier to control homework assignments and patients knew
what was scheduled next. It was believed that all this positively impacted the quality of the treatment.
An additional effect was that other diagnoses besides depression (e.g., autism) or certain problems (e.g.,
suicidal ideation, non-adherence, low cognitive capacities) were made more visible to the therapists
at an earlier treatment stage. This was due to a discrepancy between online symptom monitoring,
patients’ online expressions, and what was said and shown in FtF sessions. Plus, for therapists, it was
more noticeable from the patients’ writing skills what the cognitive abilities were.

In the therapists’ experience, patients found it easier to remember what was discussed in FtF
sessions with bCBT. The information on the platform supported therapists—they had more information
available, not only about depression but on other treatment options as well (e.g., sleep, self-image).
In addition, because patients with depression often have concentration problems, the unlimited and
easy access to treatment information and psychoeducation was very useful.

Reducing travel-time was mentioned as being very convenient for patients, not only for practical
reasons (e.g., having children, employment), but also for therapists. bCBT provided an extra tool to
stay connected with patients, especially in cases of no-show. Therapists discovered that patients shared
the platform content with their immediate circle more easily (e.g., partner, family, or friends). Plus,
the effect of writing on the online platform was a big advantage to patients. Patients wrote down their
problems, came to new insights, and shared shameful problems more easily because of the distance
effect and having time for reflection. bCBT offered patients greater responsibility. As for self-efficacy,
some therapists thought that patients tended to attribute the treatment success to themselves more
than in FtF treatment.

Negative Effects

Most therapists questioned whether bCBT could shorten treatments and solve waiting list
problems. First, therapists spent a lot of time getting to know the platform and secondly, providing
therapy via the online environment was time-consuming in contrast to expectations. Perhaps it might
be timesaving in the future. However, the common thought was that bCBT is ‘just another way of
doing the same thing’. Some felt that there is a long way to go before blended interventions are
considered equally effective as regular CBT by therapists in general.

Some judged the content on the platform to be too textual, too complex, or too superficial,
thus requiring repeat sessions and extra clarification. Moreover, sometimes patients did not recognize
themselves in the text and video examples; some found the content pejorative, overly directive, or
too intense, resulting in drop-out or even worsening of their mood. Therefore, some therapists felt a
strong need for personalization of the content to adapt to the patients’ preferences and background.
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Treatment Format

While experienced therapists unanimously stated that the pre-set structure of the blended protocol
was very beneficial, for therapists with less experience, this was not the case. For them, the protocol
was too structured and therefore inflexible. Experienced therapists, who had a better overview of all
the functionalities, mentioned that bCBT was very similar to FtF CBT, in which you also adapt to the
protocol when needed.

Therapists had different views on the ratio of FtF versus online sessions within bCBT. Some
regarded and used bCBT as an addition to the regular number of FtF sessions. Moreover, for some the
question ‘what is blended?’ remained. Therapists had different views on degrees of ‘blendedness’.
Repeatedly, it was seen as an interchange of FtF sessions with the functionalities of the online platform.
For some patients 50%–50% was considered beneficial, for others 90% FtF and 10% online was
more appropriate.

Another issue was the time point at which the online platform was introduced. Some therapists
preferred to start with weekly FtF sessions and introduced the platform at a later date. For them, it felt
unnatural and too distracting for patients to meet every two weeks instead of weekly in the first phase
of treatment. They wanted more time to establish a foundation, especially for patients who lacked
insight into their depression. Other therapists, who thought it would be better to start with the online
platform at once, reasoned that the threshold (for patients and therapists) may be higher when the
platform is introduced at a later stage. These therapists also imagined that it motivated patients to be
focused from the beginning with the support of the platform.

Therapeutic Relationship

Regarding the quality of a therapeutic relationship in bCBT, therapists’ opinions were divided.
In the beginning, some doubted whether it was possible to develop a therapeutic relationship because
they would see patients less FtF, but changed their opinion later on. In some therapists’ experience,
it was challenging to build a therapeutic relationship compared to regular CBT; when a patient
experienced difficulties with the online platform and asked more attention from the therapist, this
frustrated the contact because it was at the expense of the time they had FtF. Nevertheless, others
experienced that the relationship in bCBT was similar or even better compared to FtF treatment.
bCBT reinforced the relationship, since there was more frequent contact throughout. In addition, the
treatment course was more visible to therapists because of online monitoring and this also positively
influenced the relationship. Importantly, as in every treatment, the relationship was mainly perceived
as more dependent on patient motivation and activation than other factors such as online contact.

Online Feedback Skills

Therapists agreed that every therapist is able to provide online feedback. However, learning how
to provide feedback took time and for many, felt like ‘a job in its own right’. They were needed for tips,
tools, and examples; how to address something negative, how to handle or prevent miscommunication,
how to write in a concise manner, how to make feedback personalized and adapt to different patient
types. In contrast to FtF sessions, where therapists are able to correct themselves, everything that is
written online, has a permanent character: for some, online feedback thus felt uncomfortable.

Therapists stressed the importance of connecting to the language of the patient. They found they
had to be careful not to use difficult terminology or be too distant in their language. Most of all, they
had to plan sufficient time to write feedback. Therapists noticed that writing online feedback became
faster with more experience. Connecting online feedback and topics in FtF sessions and vice versa,
was experienced as helpful and was done quite frequently.
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Drop-Out and Safety

Two safety risks cited predominantly by inexperienced therapists were the suggestion of 24/7
accessibility to patients and not being able to see how patients reacted to therapist feedback or other
online information. Experienced therapists did not mention this or had learned that this was not
an issue.

Regarding a much-discussed risk of suicidal ideation, therapists experienced that when there
was a clear agreement with patients on not expressing crisis situations on the platform, bCBT had no
extra risks compared to FtF treatment. Importantly, it even gave therapists more rapid awareness of
whether patients were losing contact. In addition, bCBT provided therapists with an extra preventive
communication tool.

Furthermore, experienced therapists reported that there was no specific type of patient that
dropped out. Sometimes therapists saw patients who started enthusiastically, but dropped out easily.
Importantly, they thought this was no different than with regular CBT: patients dropped out because
of certain patient characteristics or other problems than for bCBT-related issues.

Overall, therapists expressed that safety of patient data on the online platform is guaranteed
sufficiently. Sharing patient data with, for example, a helpdesk, is still something that therapists were
reluctant to do and prevented them from contacting the helpdesk when technical issues occurred.
They often then tried to solve their issues with colleagues, but often also broke off the online sessions.
Some patients seemed too lax when it came to their data safety, and some were distrustful. Therapists
emphasized that it is their responsibility to explain how safe the online platform is, but that this was
not clear to all therapists.

4. Discussion

In this study, therapists expressed overall satisfaction with providing bCBT to patients with
depression. The perceived usability of the online platform was sufficient. This was also found by other
studies exploring patients’ perspectives on usability and satisfaction [21,36]. This study showed that
therapists see room for improvement with regard to platform usability (e.g., lack of integration with
other administrative systems), therapists’ work routines, and guideline use on bCBT. From interviews
in this study, it became clear that there are specific barriers that prevented therapists from providing
bCBT to patients with depression, such as a lack of ongoing support for technical and clinical issues
with bCBT. In addition, therapists reported several practical and therapeutic challenges in routine care
such as not experiencing timesaving. Nevertheless, there have been factors that might have influenced
the uptake positively as well.

4.1. Barriers to bCBT Uptake

Less experienced bCBT therapists felt several barriers prevented them from providing bCBT.
First, they found that the training was not sufficient to enable them to adopt bCBT into their work
routine. This was partly because the training mainly covered technical aspects and did not provide
sufficient guidance on how to work in a blended way with the protocol and how to communicate online.
In addition, after undergoing training, ongoing support and attention for bCBT was limited or absent.
This was also a reported therapist barrier by Folker et al. [37] who identified implementation challenges
perceived by therapists and managers of iCBT in routine care settings in five European countries.
Moreover, inexperienced therapists were unsure about the indication for bCBT and the eligibility
of the patients. A third issue was that some therapists experienced low patient demand for bCBT.
A fourth hindering factor was that for a number of the therapists, the added value of bCBT in terms of
clinical effectiveness remained unclear; for others, fear (e.g., of doing something wrong) or distrust
(e.g., regarding the intentions of health insurance companies) stood in the way of considering bCBT.
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4.2. Challenges with bCBT

Once therapists started working with bCBT, they experienced several challenges. They had
difficulty integrating bCBT into their daily workflow. Not only because of technical disconnections
with existing IT-systems for patients’ administration, but also because of uncertainties regarding
the bCBT protocol and logistic integration into their daily therapeutic and administrative schedules.
Besides, therapists lacked the conviction that bCBT saved time; for some, it even generated a higher
workload, especially in the beginning, and providing online feedback is considered time-consuming as
well. It can be estimated, that on average per feedback message, 30 min of therapist time is needed [13].
Internal helpdesks were unable to support therapists sufficiently which even discouraged some from
further providing bCBT.

Moreover, therapists displayed different interpretations of the protocol which partly resulted for
some in using the online platform on top of the FtF treatment instead of replacing a portion of the
FtF sessions. This was previously reported in a naturalistic study on bCBT uptake in routine care as
well [38], making the implementation more costly than intended. Kenter et al. [38] argued that their
therapists may have needed more extensive training to master specific bCBT skills (e.g., providing
online feedback) and that clear guidelines on how to use bCBT in routine practice by the MHO would
have helped the therapist to provide bCBT more efficiently. Plus, using the online platform on top of
the FtF treatment may result in patient dissatisfaction. A study on patients’ experiences with bCBT
showed that a diminished interplay between the online and FtF sessions was unsatisfactory for patients,
as therapists were less aware of patient activity on the online platform and limited time was made
available to discuss the online activity in the FtF sessions [39].

4.3. Advantages of bCBT

One of the main reported advantages of bCBT was the focus and pre-set structure that made
therapists and their patients more adherent to the protocol and contained therapist drift. This was
also experienced by several therapists who worked with bCBT [14,19] or blended group therapy [40]
for depression. Although content improvement (e.g., online patient examples) for severely depressed
patients was considered necessary, therapists agreed that bCBT is a good treatment format for the
(complex) patient group therapists see in daily practice. They found that bCBT was in many ways
similar to FtF CBT when it comes to patient eligibility, effectiveness, therapeutic relationship, and
drop-out: ‘it is CBT in another format’. Many believed that the implementation phase is still in its
infancy; it might be a long way to go before all therapists accept blended interventions as being
equally effective to FtF therapy. This idea is also partly justified since the first studies on clinical effects
on blended interventions show that it is at least as effective [12,13]. Nonetheless, it is thought that
bCBT will eventually be included in care pathways in the future because of the perceived benefits
for patients and therapists (e.g., pre-set structure, number of flexible contact moments on demand,
information access); an important precondition is to continue to be combined with FtF contact, as
providing stand-alone guided iCBT might not yet be realistic for most therapists in routine practice,
where FtF treatment is the norm.

4.4. Level of Experience

In our study, therapists with bCBT experience reported different views on safety, flexibility
and personalization of the protocol, patient eligibility, and therapeutic relationship than therapists
who lacked experience. For example, non-experienced therapists assumed that there were many
reasons why patients would be ineligible for bCBT, such as severe depressive symptoms, or found this
difficult to assess. By contrast, more experienced therapists stated that it was impossible to predict
eligibility; in principle, any patient could be offered bCBT. This may indicate that with experience,
perceptions on these important clinical factors of bCBT will change and that when promoting uptake,
therapists’ needs can shift. This is consistent with Feijt et al. [41] who showed that there are different
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barriers and facilitators depending on the level of therapist experience with online services, and that
potentially, the experience level has unique requirements to be addressed when it comes to the uptake
of Internet-based interventions.

4.5. Limitations and Strengths

Although some therapists in this study were skeptical about the effectiveness of bCBT or had
negative experiences, all were quite open-minded toward bCBT. Selection bias in our sample is possible,
as untrained therapists or those not interested in participating in the study were not reached and
therapists were identified through their team managers, and other specially appointed members of
different teams. This could have diminished the positive view on bCBT.

Another point is the limited transferability of our findings to other national contexts. In the
Netherlands, the digital infrastructure is quite good and MHO’s and therapists have the experience that
every patient has proper equipment. Moreover, bCBT is covered by health care insurance companies in
the same way as face-to-face CBT. Compared to other countries, the Netherlands and others, including
Sweden and the United Kingdom, can be considered a frontrunner in implementing bCBT within
routine practice [16]. On the other hand, our findings can be taken into account by the ‘followers’ in
the earlier stages of developing, testing, and implementing bCBT.

A strength of this study is the usage of data triangulation to record the perspective of a diverse
group of therapists, with different professional backgrounds, differences in experiences with bCBT
for depression, and exposure to various implementation strategies from a number of mental health
care organizations.

4.6. Future Uptake of bCBT

To speed up bCBT uptake, it is important to identify how barriers can be overcome, challenges
solved, and how successes in routine care can be strengthened. From the field of implementation
research, it is known that implementation strategies for innovations in mental health care need ‘to
address multiple levels and barriers to change, (and) are interwoven and packaged as a protocolized or
branded implementation intervention’ [42]. Based on this and on the findings of this study, the following
strategies can be considered in practice and in research to move forward in the implementation of
bCBT:

1. Dissemination strategies: to change the focus of cost-effectiveness of bCBT towards personalization,
adherence, and treatment quality improvement in disseminating information to therapists and
patients. Within organizations, the uptake might gain from informing and motivating therapists
and subsequently patients as well. There is a lot of room for improvement when it comes to
sufficient knowledge about bCBT. Outside the organizations, patient demand can be stimulated
by general practitioners and health insurance companies. Further, although evidence-based
knowledge on bCBT is slowly becoming more available, this should be more widespread among
patients, therapists, MHOs, and health insurance companies.

2. Top down strategies: bCBT must be embedded top-down from start to finish overcoming its
mere project status in many of the MHOs. This could be achieved by intensifying and extending
training beyond technical aspects, and by facilitating the integration of ongoing support into
existing consultation structures, (instead of creating special consultation options), in order to
exchange knowledge and experience with bCBT. It would also help to remind therapists to offer
bCBT to patients and to solve technical disconnections with administration- and other IT-systems
within a well-equipped help desk. Whether imposing minimum usage norms (e.g., that 25% of
the treatments must be blended in the Netherlands) could have a promoting effect is unclear, as
this causes resistance for some, but motivated others.

3. Bottom-up strategies: Fragmented use and individual uptake of the blended protocol can create
a risk of it being costlier and of leading to a protocolled manner of working. Therapists’ need
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to personalize modules might be a result of uncertainty and their limited knowledge of all
functionalities within the module and platform. Thus, besides a top-down approach, therapists
might be more motivated and skilled if uptake is stimulated on a bottom-up basis, through
discussing it on the work floor: For instance, it could help to start implementation with a small
rollout with a motivated team of therapists, focusing on content development, enhancing online
feedback skills and protocol use; to let the therapists be (co-) creators of modules; to construct a
place and time within MHOs where therapists can think of ways to further develop bCBT; to
experiment; to keep lines with the technical innovations on the platform within reach; including
recurring evaluation in order to adapt strategies on the level of therapist experience and updates
of the platform.

4.7. Future Research

Testing strategies for uptake would be a fruitful area for further research. The European project,
ImpleMentAll (www.implementall.eu), will hopefully provide routine practice with more knowledge
as this is uncharted territory for Internet interventions in mental health care [43]. In ImpleMentAll,
personalized implementation strategies will be tested to facilitate the use of Internet-based and blended
interventions in routine care in several different countries.

In addition, it would support uptake of bCBT to further investigate the ratio and integration
of online and FtF sessions. So far, research has focused on an equal distribution. However, it is
reasonable to think that depending on the severity of the symptoms, the proportion of blended could
be adapted. Moreover, it would be interesting for future studies to also look at the patient perspectives
on blended care, preferably done using dyad interviews with their therapists to generate a rich, deeper
understanding of the relevant factors in bCBT uptake.

5. Conclusions

Overall, the therapists in this study were satisfied with providing bCBT to patients with depression.
That said, a large group of therapists is still wondering how much FtF contact should be included in
blended. Plus, important preconditions for implementation were unmet and the technical infrastructure
is not free from teething problems. It cannot be expected from therapists that uptake happens
spontaneously. It can be considered positive that having bCBT experience can be a possible key to
change a therapist’s view on important factors such as eligibility and drop-out. Therapists found that
there is a good base that can be further developed in terms of ongoing technical support, therapeutic
support from their peers and supervisors, while at the same time strategically implementing bCBT on an
organizational level to facilitate therapists in the transition of integrating bCBT into their daily practice.
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Abstract: This study investigates working alliance in blended cognitive behavioral therapy (bCBT) for
depressed adults in specialized mental health care. Patients were randomly allocated to bCBT (n = 47)
or face-to-face CBT (n = 45). After 10 weeks of treatment, both patients and therapists in the two
groups rated the therapeutic alliance on the Working Alliance Inventory Short-Form Revised (WAI-SR;
Task, Bond, Goal, and composite scores). No between-group differences were found in relation to
either patient or therapist alliance ratings, which were high in both groups. In the full sample, a
moderate positive association was found between patient and therapist ratings on Task (� = 0.41,
95% CI 0.20; 0.59), but no significant associations emerged on other components or composite scores.
At 30 weeks, within-and between-group associations between alliance and changes in depression
severity (QIDS, Quick Inventory of Depressive Symptomatology) were analyzed with linear mixed
models. The analyses revealed an association between depression over time, patient-rated alliance,
and group (p < 0.001). In face-to-face CBT, but not in bCBT, lower depression scores were associated
with higher alliance ratings. The online component in bCBT may have led patients to evaluate the
working alliance differently from patients receiving face-to-face CBT only.

Keywords: major depressive disorder; blended cognitive behavioral treatment; specialized mental
health care; working alliance; randomized controlled trial

1. Introduction

Although major depressive disorder (MDD) is a common and severely disabling illness [1],
many individuals with MDD have limited access to mental health care and trained therapists [2–4].
This has prompted development of interventions requiring less therapist involvement, such as
self-help interventions [5,6], and online psychotherapy [7,8]. Various studies have shown that online
interventions, most often based on cognitive behavioral therapy, are effective in treating common
mental disorders [9–13]—especially when patients receive professional guidance, for example, via
secured e-mail exchange or an online treatment platform [5,9,14,15]. The past few years have seen
growing interest in hybrid treatment approaches, which either combine or integrate face-to-face and
online therapy [16]. As this is a relatively new form of treatment, evidence on effectiveness is still
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scarce. Initial evaluations suggest that blended treatment can be effective in decreasing depression
severity [17–24].

The consequent modifications in the amounts and forms of contact between therapists and patients
in online and blended interventions, as compared with face-to-face treatments, have led some therapists
to worry that therapeutic alliance might be negatively impacted [18] and that this could weaken
treatment outcomes. This is relevant, as therapeutic alliance is considered an important common
factor in psychotherapy [25]. A stronger alliance between therapists and patients has been shown
to be moderately associated with better treatment outcomes in face-to-face treatment [26–28], with
meta-analyses reporting overall weighted averages of r = 0.28 (95% CI 0.26; 0.30) in psychotherapy
for mental disorders [28] and r = 0.26 (95% CI 0.19; 0.32) in cognitive behavioral therapy (CBT) for
depression [29]. However, such associations might be moderated by other factors. For example,
assessment of alliance in a later phase of treatment may detect stronger associations between alliance
and treatment effect than early assessment [28,29], and the alliance–outcome association has been
found weaker for therapist-rated alliance than patient-rated alliance [29]. Associations might also be
positively impacted if patient and therapist ratings of working alliance more strongly concur [30], or if
patients have had fewer prior depressive episodes [31].

For blended depression treatments, available evidence on therapeutic alliance is still limited.
Initial evaluations showed patient-rated alliance in online interventions to be high and comparable to
ratings in face-to-face treatment [32,33]. While the therapeutic alliance in guided online interventions
is often assumed to be less salient to outcome [9], Flückiger and colleagues [28] have suggested that the
overall alliance–outcome association in online therapy is comparable to the association in face-to-face
treatment (r = 0.28, 95% CI 0.21, 0.34, p < 0.001), with higher alliance accompanying better treatment
outcomes. A recent review has suggested that the association between alliance and outcome in online
interventions may be stronger in terms of agreement on goals and tasks than in terms of the affective
bond between patients and their therapists, partly because patients could have lower or different
expectations of the bond that can be formed online [32]. In a recent Swedish study (n = 73), patients
and therapists provided high alliance ratings for blended CBT [34]. The working alliance as rated
by therapists, but not as rated by patients, was found predictive of changes in depression severity
during treatment. Among the possible explanations for this finding, the authors suggest that therapists
in blended cognitive behavioral therapy (bCBT) might have provided more accurate evaluations of
working alliance than patients, because patients would have based their alliance ratings on both the
online (self-help) material and the face-to-face contacts, whereas therapists would have rated the
interaction with the patient in face-to-face contacts only.

The present study expands on existing knowledge by examining working alliance in a randomized
controlled trial (RCT), with comparison of blended cognitive behavioral therapy (bCBT) to face-to-face
CBT in patients with major depressive disorder (MDD) requiring specialist mental health care.
Information on the working alliance was gathered from both patients and therapists, in order to gain
insight into the dyadic nature of this relationship [30]. Data was collected in an RCT focusing on
the cost-effectiveness of bCBT versus face-to-face CBT [24,35]. The blended intervention integrated
face-to-face and online CBT into a single treatment protocol [20,24,35], replacing half of the face-to-face
sessions by online sessions. This paper addresses three research questions: (1) Is there a difference
between bCBT and face-to-face CBT in terms of patient and therapist ratings of working alliance? (2) Is
there an association between working alliance and change in depressive symptoms? and (3) If so, does
that association differ between bCBT and face-to-face CBT?

2. Materials and Methods

2.1. Study Design

Data were collected between August 2014 and May 2017 within a pilot randomized controlled trial
(n = 102), that compared bCBT with face-to-face CBT in six outpatient specialized mental healthcare
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clinics. The total RCT sample consisted of 102 participants aged 19–62. A detailed overview of
the design and procedures of the trial can be found elsewhere [35]. The trial was registered at the
Netherlands Trial Register (number NTR4650) and was approved by the Medical Ethics Committee of
the Vrije Universiteit Medical Center (VUmc) (registration number 2014.191).

2.2. Participants

Patients for the trial were recruited during the intake procedure before the start of their specialized
depression treatment. All patients had a primary diagnosis of MDD, based on the Mini-international
Neuropsychiatric Interview Plus (MINI-plus, [36,37]), and had adequate proficiency in the Dutch
language, a valid e-mail address, and a computer with Internet access. Patients with a high risk for
suicide, a psychotic disorder, a bipolar disorder, or substance dependence were excluded from study
participation. No exclusion criteria were applied regarding treatment histories, other comorbidity, or
parallel pharmacological treatments. The current study included patients for whom patient-rated or
therapist-rated alliance at week 10 was available (n = 92; bCBT n = 45, CBT n = 47).

2.3. Procedures

Patients were asked to provide written informed consent in order to participate in the study.
Demographic data, treatment preference, and diagnostic profiles were assessed prior to random
allocation and start of treatment (baseline). Working alliance was assessed ten weeks after the start of
treatment. At this time point, both groups ideally would have received ten face-to-face sessions. The
bCBT group was expected to have received nine additional online sessions and eight online therapist
feedback messages. Patients completed weekly assessments on their depression severity during their
treatment. Assessments at baseline and after ten weeks of treatment consisted of online self-report
questionnaires and a diagnostic interview, administered by trained assessors who were blinded to
treatment allocation.

2.4. Random Allocation

Random allocation (1:1 ratio) was performed by an independent researcher, based on a
computer-generated random number table. Random allocation was stratified per treatment center.
Patients began treatment approximately three weeks after random allocation (SD 2.0, range 0 to 14).

2.5. Interventions

Depression treatment in both study arms was based on CBT manuals [38,39], which advise
therapists to provide 15 to 20 weekly CBT sessions and to include psycho-education, behavioral
activation, cognitive restructuring, and relapse prevention. The face-to-face CBT without the online
sessions was provided at the outpatient clinics. Therapists were advised to plan weekly sessions but
were allowed to deviate from the treatment manual when necessary. Duration of treatment could vary
per patient, but was expected to last approximately 20 weeks.

Blended CBT consisted of ten face-to-face sessions at the clinic and nine online sessions. Face-to-face
and online sessions were alternated. Therapists had received training in the use of the bCBT manual.
The aim was to schedule one face-to-face, one online session, and one online feedback message
per week during a ten-week period, beginning with a face-to-face session. Patients planned the
sessions together with their therapist. Each session focused on a specific domain of the CBT protocol,
such as psycho-education, activity scheduling, and identification of dysfunctional assumptions. The
content of the online sessions corresponded with that of the previous face-to-face session. Sessions
were provided in a fixed order, but therapists were allowed to repeat an online session. In order
to access the web-based part of treatment, patients and therapists logged into a personal account
on a secure website (www.minddistrict.com). The online sessions consisted of text, short videos,
images, patient vignettes, and homework exercises. Patients also had access to a daily mood diary,
weekly monitoring of depression severity (QIDS-SR, Quick Inventory of Depressive Symptomatology,
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Self-Report version) [40], and a messaging function to contact their therapists. Therapists provided a
written therapeutic feedback message to each completed online session. Feedback was asynchronous
and was provided within three working days after patients had completed the online session. After
reading their therapist’s feedback, patients gained access to the next online session. More detailed
information on the form and content of bCBT can be found elsewhere [20,35].

2.6. Therapists

A total of 33 therapists participated in the trial, 5 of whom only provided face-to-face CBT, 12
only provided bCBT only, and the remaining 16 therapists treated patients in both treatment arms. On
average, therapists treated three patients (SD 2.5, range 1 to 10). All therapists had at least a master’s
degree in psychology, were specialized in cognitive behavioral treatment, and had a minimum of two
years of relevant work experience.

2.7. Measures

In assessing therapeutic alliance, this study focused on Bordin’s definition of working alliance [41],
which refers to the bond between patient and therapist as well as agreement about the goals and
tasks in treatment. Patients and therapists were asked separately to assess their working alliance
with the abbreviated Dutch version of the Working Alliance Inventory Short-form Revised (WAI-SR)
questionnaire [42–44]. Both questionnaire versions were scored on a five-point Likert scale, ranging
from “never” to “always”. Items are grouped to measure the three components of working alliance:
agreement on Goals, agreement on Tasks, and the quality of the Bond between therapist and patient [41];
a composite (average) score is also calculated as a global assessment of working alliance. Examples of
items are “We are working towards mutually agreed upon goals” for the Goal component; “I believe the
way we are working with my problem is correct” for the Task component; and “We respect each other”
for the Bond component. The client version (WAI-SR-C) consists of 12 items [45], the therapist version
(WAI-SR-T) of 10 items. For descriptive purposes, patient and therapist ratings were transformed to
a 0 to 5 range for each component. In the current study, both versions of the WAI displayed good
internal consistency. Cronbach’s alpha for the patient version was 0.91 (95% CI 0.89; 0.94) for the
composite score (all items), 0.86 (95% CI 0.82; 0.91) for the Goal component, 0.90 (95% CI 0.86; 0.93) for
the Task component, and 0.82 (95% CI 0.77; 0.87) for the Bond component. For the therapist version,
Cronbach’s alpha was 0.88 (95% CI 0.84; 0.91) for the composite score, 0.81 (95% CI 0.74; 0.87) for the
Goal component, 0.81 (95% CI 0.74; 0.87) for the Task component, and 0.79 (95% CI 0.71; 0.85) for the
Bond component.

Change in self-reported depression severity was assessed with the Dutch translation of the
16-item short version of the Inventory of Depressive Symptomatology (QIDS-SR) [40]. Patients were
requested to complete the QIDS on a weekly basis during treatment. The questionnaire covers all nine
components of the DSM-IV-TR (Diagnostic and Statistical Manual of Mental Disorders, fourth edition,
text-revision) depression diagnosis. Total scores range between 1 and 27. In the current study, the
Cronbach’s alpha at baseline was 0.78 (95% CI 0.71; 0.84).

Before random allocation, demographic information, including age, gender, employment status,
and income, was collected with an online self-report questionnaire at baseline. One further item was
added to inquire whether patients would prefer receiving bCBT or face-to-face CBT. Diagnosis of
depression and psychiatric comorbidity were obtained using the Mini-international Neuropsychiatric
Interview Plus (MINI-plus, [36,37]). Information on face-to-face treatment uptake (number of sessions
completed) was retrieved from patient records. Information on the number of feedback messages
received and online sessions completed by patients was obtained from logfiles from the online
treatment environment.
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2.8. Statistical Analyses

The current study was based on a data subset from a larger trial (n = 102) [24,35], and was therefore
not powered a priori. The study sample (N = 92) was large enough to detect a correlation of r ~ 0.3 and
a group difference of d ~ 0.6 at a power of 80% and a significance level of p = 0.05.

Multivariable logistic regression analysis including age, gender, partner status, baseline depression
severity, comorbidity, treatment group, a priori treatment preference, and total number of face-to-face
sessions received was performed to examine possible differences between patients that did and did not
provide working alliance ratings.

Between-group differences in patient and therapist ratings of the separate work alliance
components were examined using Welch Two-Sample t-test (p < 0.05), with patient and therapist
ratings as the dependent variable and treatment group as the independent variable.

The degree of consensus between patients and therapists was examined by calculating correlations
between patient and therapist ratings. Shapiro–Wilk tests, at alpha = 0.05 [46], revealed non-normal
distributions for all separate components, except for the patient ratings on the Task component. We
therefore assessed Spearman’s rho (for all component pairs. Correlations were estimated using the
psych package (version 1.8.4) [47] in R software (Macintosh; Intel Mac OS X v3.5.1) [48]. The relationship
between change in depression severity over time, treatment group, and patient- and therapist-rated
working alliance was assessed in separate linear mixed-effect models (LMM) with restricted maximum
likelihood (REML). The LMM approach was chosen in order to account for missing QIDS data and
the correlation between follow-up time points. Because the Goal, Task, and Bond components were
moderately to highly intercorrelated (range Task~Bond = 0.41 to Task~Goal = 0.70), only the composite
scores were used to examine the association between general working alliance and outcome. The
models thus employed QIDS depression severity scores as the independent variable and time (in
weeks), treatment group, and the WAI composite scores as dependent variables. Composite scores
were centered. The models also included a random effect for individuals over time, which allowed
for estimation of individual intercepts and slopes [49,50]. The Holm–Bonferroni correction [51] was
applied to account for multiple testing. In the manuscript, noncorrected nonsignificant p-values are
reported for descriptive purposes. The mixed models were estimated using the lmer function from the
lme4 package (version 1.1–17) [52] in R software (Macintosh; Intel Mac OS X, v3.5.1) [48].

3. Results

3.1. Patients

From the full trial sample of 102 patients (bCBT n = 53, CBT n = 49), data on working alliance was
available for 92 patients (bCBT n = 45, CBT n = 47). Both the patient and therapist ratings had been
obtained for 71 of them (bCBT n = 38, CBT n = 33), whereas solely therapist ratings were obtained
for 19 patients (bCBT n = 8, CBT n = 11) and patient ratings for 2 patients (bCBT n = 1, CBT n = 1).
Information on baseline demographic and clinical characteristics of patients included in this study
(N = 92) is presented in Table 1.
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Table 1. Sample characteristics at baseline.

bCBT
n = 47

CBT
n = 45

Total
n = 92

Demographic
Gender, female (n, %) 30 (63.8) 25 (55.6) 43 (59.8)

Age (mean, SD) 39.5 (11.4) 37.7 (10.5) 38.6 (11.0)
In a relationship (n, %) 26 (55.3) 27 (60.0) 53 (57.6)

Education (n, %)
Low 6 (12.8) 1 (2.2) 7 (7.6)

Middle 24 (51.1) 31 (68.9) 55 (59.8)
High 17 (36.2) 13 (28.9) 30 (32.6)

Employed (n, %) 27 (57.5) 26 (57.8) 53 (57.6)
Nationality, Dutch (n, %) 42 (89.4) 44 (97.8) 68 (93.5)

Clinical
Treatment preference, bCBT (n, %) 30 (63.8) 30 (66.7) 60 (65.2)

Co-morbid disorder(s) (n, %) 31 (66.0) 30 (66.7) 61 (66.3)
QIDS-SR (mean, SD) 16.6 (4.9) 15.9 (4.1) 16.3 (4.6)

Antidepressant medication (n, %) 32 (68.0) 27 (60.0) 59 (64.1)

Notes: bCBT: blended cognitive behavioral therapy; CBT: cognitive behavioral treatment (face-to-face only);
QIDS-SR: Quick Inventory of Depressive Symptomatology, Self-Report version; SD: Standard deviation.

3.2. Study Dropout

Gender, age, relationship status, employment, treatment preference, comorbidity, depression
severity, and treatment group were not significantly related to missing working alliance ratings (p > 0.5).
Patients who received fewer face-to-face sessions during the first ten weeks of treatment had higher
odds of not providing information on working alliance (β = −0.849, OR = 0.43, 95% CI: 0.23; 0.64,
p < 0.001). In addition, there was a high overlap between study dropout and treatment dropout; six
out of nine patients who did not provide data also did not receive any face-to-face sessions.

3.3. Treatment Received

Table 2 provides an overview of treatment received before and after the alliance ratings (ten weeks
after start of treatment). Before rating therapeutic alliance, patients in the bCBT group had received an
average of 7.1 (SD 2.1) face-to-face sessions and 7.9 (SD 2.4) online sessions; those in the face-to-face
CBT group had received a mean of 6.6 (SD 2.2) sessions by week 10. Average per-patient therapist time,
including time spent on online feedback, during the first ten weeks of treatment was 636 min (SD 187)
in bCBT and 395 min (SD 132) in face-to-face CBT. This difference was statistically significant—95%
CI −308.7; −173.5, t (90) = −7.08, Holm-corrected p < 0.001. Over the full study period, therapist
time between the two groups did not significantly differ (bCBT 944 min SD 274 versus CBT 844 min
SD 348, p = 0.130). Overall, the face-to-face CBT group received more sessions at the clinic than the
bCBT group—14.1 sessions (SD 5.8) versus 11.1 sessions (SD 3.5); mean difference 3.0, 95% CI 1.0; 5.0,
t (71.23) = 2.99, p = 0.004, Holm-corrected p = 0.008).
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Table 2. Treatment received in the two study groups.

bCBT
n = 47

CBT
n = 45

Total
n = 92

Treatment received before assessment of working alliance: mean (SD)
Face-to-face sessions 7.1 (2.1) 6.6 (2.2) 6.7 (2.2)

Online sessions 7.9 (2.4) - -
Online feedback messages 6.9 (2.5) - -
Therapist time in minutes 636 (187) 395 (132) 518 (203)

Treatment received after assessment of working alliance: mean (SD)
Face-to-face sessions 4.0 (2.7) 7.5 (4.8) 5.7 (4.3)

Online sessions 2.7 (2.8) - -
Online feedback messages 2.4 (2.6) - -
Therapist time in minutes 308 (208) 449 (289) 377 (258)

Treatment received during the full study period: mean (SD)
Face-to-face sessions 11.1 (3.5) 14.1 (5.8) 12.5 (5.0)

Online sessions 10.3 (2.9) - -
Online feedback messages 9.3 (3.5) - -
Therapist time in minutes 944 (274) 844 (348) 895 (315)

Notes: bCBT: blended cognitive behavioral therapy; CBT: cognitive behavioral treatment (face-to-face only).

Comparing the total amount of treatment received in both groups with the planned amount of
sessions based on the bCBT and CBT treatment protocols, we found that the bCBT group received on
average 111% of the planned sessions (averaging one additional face-to-face session and one additional
online session) and the CBT group received 70% to 94% (14 out of 15 to 20 planned sessions).

3.4. Working Alliance

After applying a Holm–Bonferroni correction [51] to account for multiple testing, we found
no statistically significant differences between treatment groups on either the patient-rated or the
therapist-rated composite scores, and also not on the separate Task, Goal, and Bond components of
working alliance. Results are shown in Table 3.

Table 3. Patient- and therapist-rated working alliance in the two treatment groups.

Patients Therapists

Mean difference Mean difference
(95% CI) (95% CI)

Outcome 1 bCBT CBT Total bCBT vs. CBT bCBT CBT Total bCBT vs. CBT
n = 39 n = 34 n = 73 n = 46 n = 44 n = 90

Goal 16.3 (3.1) 16.1 (3.2) 16.2 (3.1) 0.25 (−1.22; 1.71) 12.4 (1.9) 11.7 (1.8) 12.1 (1.9) 0.73 (0.04; 1.50) a

Scaled 4.1 (0.8) 4.0 (0.8) 4.1 (0.8) 4.1 (0.6) 3.9 (0.6) 4.0 (0.6)
Task 12.4 (4.1) 11.9 (4.2) 12.2 (4.1) 0.47 (−1.45; 2.40) 12.1 (2.0) 11.2 (1.6) 11.7 (1.9) 0.93 (0.17; 1.68) b

Scaled 3.1 (1.0) 3.0 (1.1) 3.0 (1.0) 4.0 (0.7) 3.7 (0.5) 3.9 (0.6)
Bond 15.6 (3.3) 14.7 (3.6) 15.2 (3.4) 0.97 (−0.64; 2.57) 17.9 (1.9) 17.6 (2.1) 17.7 (2.0) 0.28 (−0.52; 1.17)

Scaled 3.9 (0.8) 3.7 (0.9) 3.8 (0.9) 4.6 (0.5) 4.4 (0.5) 4.4 (0.5)
Composite 3.7 (0.7) 3.6 (0.8) 3.6 (0.8) 0.14 (−0.22; 0.50) 4.2 (0.5) 4.0 (0.4) 4.1 (0.5) 0.20 (0.00; 0.40) c

Notes: 1 Data are presented as mean (standard deviation). bCBT: blended cognitive behavioral therapy; CBT:
cognitive behavioral treatment (face-to-face only). a uncorrected: p = 0.063, Holm-corrected: p = 0.144; b uncorrected:
p = 0.016, Holm-corrected: p = 0.063; c uncorrected: p = 0.048, Holm-corrected: p = 0.424.

Linear regression analyses showed no significant differences between treatment groups in the
associations between patient and therapist evaluations of Task and Goal. In terms of the Bond and the
composite scores, positive therapist evaluations appeared to have stronger associations with more
positive patient evaluations in the bCBT group, but these were not significant after correction for
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multiple testing (Bond: 95% CI 0.16; 1.72, p = 0.019, Holm-corrected p = 0.077; composite: 95% CI −0.0;
1.49; p = 0.053, Holm-corrected: p = 0.160).

Controlling for therapist time invested in treatment in explorative linear regression analyses
led to similar outcomes as described above in the uncontrolled analyses, showing nonsignificant
between-group differences in patient-rated alliance, therapist-rated alliance, and associations between
patient and therapist evaluations (p > 0.05).

In the full sample, patient and therapist composite scores were not significantly related, nor were
ratings with regard to the Goal and Bond components. On the Task component, a significant moderate
correlation of � = 0.41 was found (95% CI: 0.20; 0.59, p < 0.001, Holm-corrected p = 0.001). In order to
gain further insight into the level of agreement between patients and therapists, a difference score was
calculated by subtracting the (recoded) therapist composite score from the patient composite score
(range 0 to 5). Results showed that 43 out of 71 patients (61%) gave lower ratings than their therapists
(mean −1.1, range −2.2 to −0.3); 14 patients (20%) gave similar ratings (mean −0.1, range −0.2 to 0.2),
and 11 patients (16%) gave more positive evaluations (mean 0.7, range 0.3 to 4.0).

Explorative linear regression models assessing the relationship between therapist time and the
therapist and patient ratings revealed only a significant positive association between therapist time
and therapists’ ratings of the Task component. This relationship remained significant after controlling
for treatment condition (t (85) = 2.84, p = 0.006, Holm-corrected p = 0.023).

3.5. Working Alliance and Depression Severity

On average, patients completed 22.7 (SD 8.6, range 1 to 42) QIDS measurements. In the week
before the assessment of working alliance at ten weeks, the mean QIDS depression severity score was
13.3 (SD 6.2, range 1 to 27), indicating moderately severe depression. Visual inspection of change in
depression severity over time suggested a curvilinear pattern. Therefore, linear and quadratic trends
were tested in a polynomial model. Adding the polynomial terms to the model led to a better model fit
(p < 0.001). For patient-rated working alliance (composite score), there was a significant three-way
interaction between both the linear and quadratic trends, treatment group and alliance—linear: b = 0.61
(95% CI 0.34; 0.88), t (169.50) = 4.25, Holm-corrected p < 0.001, quadratic: b = −0.03 (95% CI −0.04;
−0.02), t (1028) = −5.34, Holm-corrected p < 0.001. In Figure 1, the association is visualized by rounding
centered alliance scores to low (−1, n = 21, range 2.0 to 3.0), medium (0, n = 32, range 3.1 to 3.9), and
high alliance (1, n = 21, range 4.0 to 5.0). Combined with weekly QIDS data, there were 320, 543, and
255 data points available in the respective categories. Density of data points is displayed along the
x-axes of the three graphs. The direction of the regression lines after 20 weeks should be interpreted
cautiously, because fewer data points were available after that time point.
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Figure 1. Observed change in depression over time for both treatment groups, clustered in low,
medium, and high patient-rated working alliance (measured at week 10). bCBT: blended Cognitive
Behavioral Therapy; CBT: Cognitive Behavioral Therapy (face-to-face only); QIDS: Quick Inventory of
Depressive Symptomatology.

The graphs in Figure 1 suggest that depression severity in the face-to-face CBT group was
associated with patient evaluations of working alliance. In the bCBT group, a similar pattern of
decreasing depression severity appeared to occur in all three alliance categories. Post hoc subgroup
analyses supported this theory. In bCBT, no alliance–outcome association was found. In the face-to-face
CBT group, patients who provided higher ratings had significantly lower QIDS scores—b = −7.78 (95%
CI −13.10; −1.95), t (27.21) = −2.68, uncorrected p = 0.012—than patients giving lower ratings. Control
for therapist time invested in treatment did not alter the findings. Table 4 shows the results of the
linear mixed model assessing patient-rated working alliance.

Table 4. Results of the linear mixed model with patient-rated working alliance.

Dependent Variable

Predictors Estimates SE 95% CI Statistic p-value

(Intercept) 14.96 0.88 13.25; 16.68 17.08 <0.001
Time × group ×working alliance 0.61 0.14 0.33; 0.89 4.25 <0.001

Quadratic time × group × working alliance −0.03 0.00 −0.04; −0.02 −5.34 <0.001

Notes: SE: Standard error. Random effects: residual (σ2) = 6.63; intercept (τ00) = 20.70; slope (τ11) = 0.08;
intercept–slope covariance (�01) = −0.17; intraclass correlation coefficient (ICC) = 0.76; N = 70; Observations 1118;
Marginal R2/Conditional R2 = 0.191/0.804; log likelihood = −2861.15.

Therapist-rated alliance was not significantly associated with outcome (p > 0.05). LMM revealed
similar significant interactions between treatment group and the linear and quadratic trends, suggesting
a steeper decrease in depression severity during the first ten weeks of treatment in the bCBT group
versus a more linear pattern of decrease of severity in the face-to-face CBT group. Rounding centered
alliance scores for descriptive purposes showed that therapists provided lower overall alliance ratings
in 2 cases (range 2.9 to 3.0), medium ratings in 58 cases (range 3.1 to 3.9), and high ratings in 30
cases (range 4.0 to 5.0). Explorative analysis revealed no association between the level of agreement
(convergence) between patients’ and therapists’ working alliance ratings and outcome (p > 0.05).
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4. Discussion

This study examined working alliance between patients and their therapists in blended cognitive
behavioral therapy (bCBT) for depression, as provided in specialized mental healthcare settings, and
compared it with the working alliance in face-to-face CBT.

4.1. Working Alliance between Patients and Therapists

No differences were found between treatment groups in the way patients and therapists evaluated
the working alliance, nor in the associations between patient and therapist ratings of working alliance
within either group. This suggests that providing part of treatment online, rather than face-to-face,
did not have a negative impact on working alliance between patients and therapists. This is an
important finding, because prior research found that therapists voiced this as one of their concerns
when considering blended treatment [18]. In general, patients and therapists in both treatment groups
were satisfied with the working alliance. Because the current study was one of the first to examine
working alliance in bCBT compared with face-to-face CBT, these results cannot be related to outcomes
from other studies yet. The high alliance ratings are similar to those reported in other studies that
examined patient- and therapist-rated alliance, for example, the trial by Preschl and colleagues (N = 53)
which compared online CBT with face-to-face CBT for depression [33], and the uncontrolled study by
Vernmark and colleagues (N = 73) in blended CBT for depression [34].

While both patients and therapists provided positive ratings on average in the current study,
no significant association was found between patient and therapist evaluations on general alliance
(composite score), and on the Goal and Bond components. On the Task component a moderate positive
association was found in the full study sample (� = 0.41, 95% CI: 0.20; 0.59), suggesting that higher
patient ratings on the Task domain concurred with higher therapist ratings. Further exploration of
general working alliance showed that over half of the patients (43 out of 71, 61%) provided less positive
evaluations than their therapist, with an average of minus 1 point on a five-point scale. While this
is a notable finding, the level of agreement between patients and therapists was not associated with
change in depression severity or vice versa. This suggests the degree of convergence after ten weeks of
treatment did not impact the treatment effect in the current study.

4.2. Association between Working Alliance and Depressive Symptoms

For patient-rated alliance, an alliance–outcome association was found in the face-to-face group,
but not in the bCBT group. In face-to-face CBT, higher depression severity was accompanied by lower
alliance ratings, and vice versa. The results for bCBT concurred with the findings of the above-cited
study by Vernmark and colleagues [34], which likewise found no alliance–outcome association for
patient-rated working alliance in bCBT. That study, however, did not include a comparison group in
the analyses. The cause of the disparity in the alliance–outcome association between our study groups
cannot be determined here, and more research is needed. Because patients in both groups received CBT,
the difference in the alliance–outcome association is more likely to be related to treatment form rather
than to content or therapeutic techniques. One possible explanation is that in bCBT, more emphasis was
placed on self-efficacy and autonomy by letting patients work through part of the treatment protocol
on their own via the online platform. Hence, patients in bCBT were possibly less dependent on their
therapist to achieve a change in depression severity than patients in the face-to-face CBT group.

In this study, no association between therapist-rated alliance and outcome was found in both
groups. A possible explanation is that therapists were predominantly positive about the working
alliance with their patients, thus restricting variance in this variable and limiting the feasibility of
detecting associations between change in depression severity and working alliance. Comparison to
other work is complicated, as therapist ratings are often not included in studies. The meta-analytic
synthesis by Flückiger and colleagues [28], for example, identified 295 study samples that examined
alliance in adult psychotherapy for various mental health problems, but only 40 (14%) of these included
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therapist ratings. Overall, the synthesis found similar alliance–outcome associations for the alliance
ratings of both patients and therapists, suggesting that our current findings are not consistent with
general findings on this issue. The same holds for the findings in the Vernmark study, where a
significant association was found for therapist ratings and outcome in bCBT, but not for patient ratings,
with each point increase in therapist ratings being associated with a 0.5 point reduction per week on
the PHQ-9 (Patient Health Questionnaire-9) (95% CI −0.74; −0.26).

4.3. Change in Depressive Symptoms

Over the full study period (30 weeks), both of our treatment groups showed a similar overall
improvement in depressive symptoms. Compared with patients in standard face-to-face CBT, those in
bCBT reported a steeper decrease in depression severity in the first fifteen weeks of treatment, after
which depression scores stabilized. In the face-to-face group, a more linear pattern was observed.
This difference is an indication that the higher treatment intensity in bCBT might lead to additional
health benefits. Our planning of bCBT treatment intensity was based on the 2013 meta-regression
analysis by Cuijpers and colleagues [53], which focused on the amount of psychotherapy required to
treat depression. The study suggested that, rather than treatment duration and dosage, the intensity
in which sessions are offered per week positively impacts the effect of treatment. While the original
goal of providing 18 bCBT sessions in ten weeks [35] was not met in the current study, patients
did receive an average of 78% of treatment during that time frame, while those in the less intensive
face-to-face CBT group received 37% of the treatment protocol during this period. However, such
results should be interpreted with caution, as the current study was not designed to specifically
examine the relationship between treatment intensity and treatment effects. Future studies should
explore this further, along with the possible role a blended approach could play in achieving higher
effectiveness through higher intensity.

4.4. Strengths and Limitations

The current study was one of the first to examine working alliance in a blended cognitive
behavioral treatment format in routine practice, and to compare it with alliance in standard face-to-face
CBT. By assessing depression severity at a weekly basis, the study also sheds light on the changing
severity of depression over the course of treatment, revealing patterns of change rather than absolute
differences measured before and after therapy. Moreover, the study included both patient and therapist
evaluations of working alliance, providing insights into the degree of convergence between the actors
and its possible effects on treatment outcome.

There are also some limitations to be considered while interpreting the results. First, working
alliance was treated as a stable factor and was therefore measured only once. That time point was
chosen in relation to the expected ten-week duration of the bCBT protocol. Future studies could
consider performing an additional measurement at an early stage of treatment, or integrating a weekly
assessment of working alliance into the treatment. That would help clarify changes and dynamics in
therapeutic alliance over time. Repeated measures would enable more detailed comparison of patterns
of depression severity and alliance ratings.

Second, the study had a relatively small sample size, which limited the power to detect small
to moderate effects. These have therefore not been revealed by our study. Larger studies could also
examine factors that potentially moderate or mediate associations, such as patient demographics,
number of prior episodes, and prior experiences with treatment.

Third, the current study specifically focused on patients in outpatient special mental health care
for depression. In order to further establish the potential value of bCBT, it is important to evaluate
bCBT in other settings, such as primary care, and in different countries. Results from a large European
study are forthcoming, examining the comparative effectiveness of bCBT versus treatment as usual in
eight different European countries [16].
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Additionally, it would be interesting to differentiate between online and face-to-face working
alliance within bCBT. Patients might have different expectations of agreement on goals and tasks in
the face-to-face sessions than in the online sessions. In the current study, for example, patients and
therapists could modify general tasks and goals during their face-to-face sessions, while the content of
the online sessions was fixed. Further, it would be interesting to examine whether patients evaluate
the online affective bond differently from the bond with their therapist.

Fourth, 16 out of 33 therapists in our study treated patients in both treatment arms, allowing
them to compare their experiences with both types of treatment. This could potentially cause bias.
Because of the limited sample size, no subgroup analyses were done to examine a possible effect on the
evaluation of working alliance when therapists treat patients in both treatment groups.

Finally, because this was one of the first studies to examine bCBT, therapists were relatively
inexperienced with the format. It would be interesting to examine whether working alliance ratings in
blended treatment increase with the therapists’ level of experience.

5. Conclusions

This study shows that bCBT and face-to-face CBT are associated with similarly high working
alliance ratings by both patients and therapists when provided to patients with depression in specialized
mental health care. Replacing a proportion of the face-to-face sessions with online sessions and online
therapist feedback evidently has no negative effect on working alliance and treatment effect. We did
find that a more positive evaluation of working alliance was associated with lower depression severity
in face-to-face CBT, whereas no such alliance–outcome association was seen in bCBT. The reason for
that difference between treatment groups is still unclear. Replication of these results in larger samples
to also enable assessment of possible moderators and mediators is warranted.
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Abstract: A variety of effective psychotherapies for depression are available, but patients who
suffer from depression vary in their treatment response. Combining face-to-face therapies with
internet-based elements in the sense of blended treatment is a new approach to treatment for
depression. The goal of this study was to answer the following research questions: (1) What are the
most important predictors determining optimal treatment allocation to treatment as usual or blended
treatment? and (2) Would model-determined treatment allocation using this predictive information
and the personalized advantage index (PAI)-approach result in better treatment outcomes? Bayesian
model averaging (BMA) was applied to the data of a randomized controlled trial (RCT) comparing
the efficacy of treatment as usual and blended treatment in depressive outpatients. Pre-treatment
symptomatology and treatment expectancy predicted outcomes irrespective of treatment condition,
whereas different prescriptive predictors were found. A PAI of 2.33 PHQ-9 points was found, meaning
that patients who would have received the treatment that is optimal for them would have had a
post-treatment PHQ-9 score that is two points lower than if they had received the treatment that
is suboptimal for them. For 29% of the sample, the PAI was five or greater, which means that a
substantial difference between the two treatments was predicted. The use of the PAI approach for
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clinical practice must be further confirmed in prospective research; the current study supports the
identification of specific interventions favorable for specific patients.

Keywords: personalized advantage index; depression; blended treatment; CBT; treatment selection;
Bayesian model averaging

1. Introduction

Globally, 300 million people of all ages suffer from depression [1]. Depression is one of the most
common problems seen in clinical practice, and it is associated with high societal costs, as well as
great suffering [2]. Given this burden, the need for improved access to efficacious and cost-effective
treatments is essential [3]. In the last decades, research has focused on examining different treatment
options for depression. Especially, cognitive behavior therapy (CBT) and interpersonal therapy (IPT)
can be seen as first-line treatments [4,5]. Moreover, current studies are aimed at scaling up treatments
for depression. One way to do so is through internet-based therapies [5]. Whereas the most dominant
format in which treatment is delivered is through face-to-face contact, internet-based therapies have
received much attention in recent years [6]. The efficacy and cost-effectiveness of the latter have been
supported by a growing number of research [7–9]. Even though only a few studies have directly
compared internet-based with face-to-face CBT for depression, results suggest it to have similar overall
effects [6].

A newer approach to depression treatment is to combine web-based technologies with face-to-face
therapy, called blended treatment. Blended treatment includes any combination of face-to-face therapy
and internet-based interventions, e.g., web-based components are used as an adjunctive intervention
or are integrated during face-to-face therapy [10]. Although research that investigates the efficacy of
blended treatment formats is still scarce, preliminary results suggest their feasibility and their efficacy
in reducing symptoms of depression [11–15]. For example, a randomized controlled trial by Berger and
colleagues [16] showed the superiority of blended treatment, consisting of an internet-based intervention
as an adjunct to face-to-face psychotherapy, in comparison to regular face-to-face psychotherapy in a
pragmatic randomized controlled study in patients with a unipolar affective disorder in routine care.
Another recent study showed the noninferiority of blended treatment to conventional CBT for patients
with depression and found blended treatment to be cost-effective [17]. Moreover, the blended treatment
has also been evaluated in an inpatient setting where patients suffering from depression that received
an online self-help program in addition to inpatient psychotherapy improved significantly more than
patients who received online information about depression in addition to inpatient psychotherapy [18].
Furthermore, a recent systematic review showed that, compared to face-to-face therapy, a blended
treatment may help maintaining initially achieved changes within psychotherapy in the long-term [19].

Potential benefits of blending treatments may be a greater reduction in depressive symptoms and
increased cost-effectiveness [20], as well as an improvement of patients’ adherence to the treatment
program [21]. Furthermore, an asset of a blended treatment may be that it combines the advantages
of both treatment forms [3,14,22,23]. For example, the face-to-face contact enables clinicians to
individualize or tailor the treatment and to react in crisis situations, while providing online modules
between sessions could promote patient engagement and enhance the translation of treatment into
daily life (e.g., [24]). On the other hand, when online components are not used by the patients in
blended treatments, reductions in the number of face-to-face sessions may lead to worse treatment
outcomes [25]. Furthermore, therapists may raise concerns of overburdening depressed patients [18].
So far, it is not clear for which patients blended treatment may be a feasible option and for which
patients a conventional treatment should be favored.

Patients with depression may differ substantially from each other, and evidence suggests that the
diagnostic categories leave room for great diversity [26,27]. This results in differences with regard to
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patients’ illness courses and individual treatment responses [28]. Research suggests that individual
patient characteristics may moderate the efficacy of different treatments at an individual level [29]. It
is, therefore, important to recognize that no single treatment is likely to be the best for everyone, even
though, on a group level, it is efficacious for patients suffering from depression [26,30]. This is why
more and more researchers move away from investigating treatment efficacy on a group level and
instead focus on custom-tailoring the treatment to the individual patient [30,31]. In this sense, it may
be a solution to increase the overall treatment response rates [32].

Precision medicine tries to tailor treatments to the specific needs of the patient [33]. More recently,
in clinical psychology and psychotherapy, algorithms are used that predict from which treatment
a patient benefits the most [34]. As an example, Becker and colleagues [35] introduce a conceptual
framework that helps classifying applications of predictive modeling in mental health research. These
authors try to bridge the gap between psychologists and predictive modelers with providing a common
language for classifying predictive modeling mental health research. They suggest that e-mental
health researchers should focus more on the validity of model predictions instead of solely focusing
on identifying predictors. Another example is the personalized advantage index PAI) approach,
which identifies patients with a certain disorder (e.g., major depression) who benefit more from one
treatment than another [30]. Using the personalized advantage index (PAI), it is possible to identify
the treatment that predicts a better treatment outcome for a given patient if there are two comparably
effective treatments to choose from [36]. The PAI estimates how much a specific treatment is better
for an individual patient than another, and its feasibility and relevance have been shown in several
studies on the treatment of depression [36–40]. Baseline patient characteristics can be divided into
two types of predictors: a prognostic variable predicts treatment outcome irrespective of treatment
condition, whereas a prescriptive variable predicts a differential treatment response to two or more
treatment modalities [29,30]. Up to today, different treatments have been compared using the PAI, and
its values range from 1.4 when comparing CBT to CBT with integrated exposure and emotion-focused
elements [38] up to 8.9 when comparing cognitive therapy to IPT [40]. Higher absolute values of
the PAI stand for stronger predicted benefits of one treatment over another. Being able to identify
the best treatment for an individual with depression is essential, because it may make health care
delivery more efficient [32]. Even though predictive modeling is still very young in the field of e-mental
health [41], Bremer and colleagues [42] were able to predict clinical outcomes and costs of patients
with depression prior to starting blended psychotherapy in a subsample of the current study using
machine learning techniques.

In the current study, treatment as usual (TAU), i.e., regular face-to-face psychotherapy, was
compared to blended treatment for patients with major depressive disorder (MDD) in secondary care.
The present study set out to answer the following research questions: (1) What are the most important
predictors determining optimal treatment allocation to TAU or blended treatment? and (2) Would
model-determined treatment allocation using this predictive information and the PAI-approach result
in better treatment outcomes? To the best of our knowledge, this is the first study comparing
different treatment delivering formats, i.e., traditional face-to-face CBT versus blended CBT, by using
the PAI-approach.

2. Materials and Methods

Data used in the present study was drawn from the European project “European COMPARative
effectiveness research on blended depression treatment” (E-COMPARED, February 2018) [43]. The
E-COMPARED project included a randomized, controlled, noninferiority trial that examined the clinical
and cost-effectiveness of blended treatment compared to treatment as usual in routine care in nine
European countries. Adult patients diagnosed with MDD were recruited in primary or in specialized
mental health care. The current study uses the data of the four countries that recruited patients in
specialized mental health care (France, the Netherlands, Switzerland, and Denmark). The following
inclusion criteria were met by participants: (1) being 18 years of age or older, (2) meeting Diagnostic
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and Statistical Manual of Mental Disorders (DSM-IV) diagnostic criteria for MDD as confirmed by a
telephone-administered MINI international neuropsychiatric interview (M.I.N.I.) version 5.0 [44], and
(3) minimal to severe symptoms of depression based on a score of 5 or above on the patient health
questionnaire-9 (PHQ-9) [45]. Exclusion criteria for participating in the study were: (1) high risk for
suicide according to the M.I.N.I.; (2) psychiatric comorbidity such as substance dependence, bipolar
affective disorder, psychotic illness, or obsessive compulsive disorder; (3) currently receiving another
psychological treatment for depression; (4) being unable to comprehend the spoken and written
language of the country where the study is conducted; (5) not having access to a computer with fast
internet connection; and (6) not having a smartphone that is compatible with the mobile component
of the intervention that is offered. Patients were randomized to blended treatment or TAU using an
allocation scheme with a computerized random number generator at an allocation ratio of 1:1 and
between 8 and 14 allocations per block. Details about the study design are described elsewhere [43]. For
Switzerland, this study was approved by the cantonal ethics committees Bern and Zurich (registration
number: 001/15; date: 18 March 2015); for Denmark, the study was approved by the Ethics Committee
of the Region of Southern Denmark (registration number S-20150150; date: 18 November 2015);
for France, the study was approved by the “Comité de protection des personnes”, Ile de France V
(registration number 15033-n◦ 2015-A00565-44; date: 2 June 2015); and, for the Netherlands, the study
was approved by the METC VUMC (registration number 2015.078; date: 8 May 2015). Furthermore, all
participants provided written informed consent and gave permission to all E-COMPARED partners to
use their anonymized data.

2.1. Sample

The current study has a sample size of n = 251. The sample consists of 83 participants from
the Netherlands (33.9%), 79 participants from France (32.2%), 44 from Switzerland (18.0%), and 39
participants from Denmark (15.9%). The mean age at baseline was 41.0 years (SD = 13.7), and 68.2% of
the participants were female. The majority were either single (33.5%) or married (31.8%), and 21.2% of
participants were living together and 12.8% were divorced. In the TAU condition, 57.9% of the sample
suffered from a recurrent depression, 45.2% from a current melancholic depressive episode, 7.9% from
a comorbid dysthymia, and 46.8% from a comorbid anxiety disorder. The number of patients are
taking antidepressant medication at the time of the baseline measurement was 53.2%. In the blended
treatment condition, 53.8% of the participants suffered from a recurrent depression, 34.5% from a
current melancholic depressive episode, 5.9% from a comorbid dysthymia, and 61.3% had a comorbid
anxiety disorder. Half of the participants (49.6%) were taking antidepressant medication at baseline.

2.2. Interventions

Individual face-to-face CBT was combined with internet-based CBT elements delivered through a
platform for blended treatment. Three different online platforms were used across the participating
countries. Switzerland used “Deprexis” [46], whereas Denmark used NoDep [47] and France and the
Netherlands used the platform “Moodbuster” [3]. The most important components of the treatment
were cognitive restructuring, behavioral activation, psychoeducation, and relapse prevention, which
were delivered over 11–20 sessions. In the blended treatment, a smaller number of face-to-face sessions
is offered, and some sessions are replaced by online modules. Treatment was provided by CBT
therapists who received special training on how to deliver the blended treatment. In Switzerland
and the Netherlands, the therapists were either licensed CBT therapists or CBT therapists who were
supervised by an experienced licensed CBT therapist. In Denmark, the treatment was delivered by
either licensed psychologists or psychologists under supervision of licensed psychologists. In France,
the blended treatment was provided by licensed psychotherapists [43].

The TAU treatment was defined as the routine care that patients received in specialized mental
health care when they were diagnosed with depression. In practice, this meant that the TAU group
received regular fact-to-face CBT.
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2.3. Measures

2.3.1. Primary Outcome

The primary outcome measure for this study was the PHQ-9 [45] assessed after 12 weeks. The
PHQ-9 consists of nine questions which are based upon the DSM-IV criteria for the diagnosis of
depressive disorders. It is used as a diagnostic instrument and as a severity measure for depression. A
5-point difference in PHQ-9 scores is seen as clinically significant [48]. The validity and sensitivity to
change of the PHQ-9 were satisfactory in previous studies [49,50]. Cronbach’s alpha in the present
study was 0.78.

2.3.2. Predictor Variables

We used an exploratory approach and included a total of 28 potential predictors measured at
baseline in the analysis. All variables of the baseline assessment that did not exceed a number of
acceptable missing values (<50%) were included. We classified the variables into four categories:
(1) sociodemographic variables, (2) symptomatology and quality of life, (3) healthcare utilization, and
(4) patient expectancy.

The sociodemographic variables included age, marital status, education, gender, and country
and were assessed with single item questions. Variables related to symptomatology and treatment
history were recurrent depression, therapy preference, dysthymia, melancholic depressive episodes,
comorbid anxiety, and current use of antidepressants. Quality of life was measured with the EQ-5D [51].
Healthcare utilization was assessed with the TiC-P [52]. The TiC-P examines healthcare consumption
and productivity losses as a consequence of a mental disorder via a self-report questionnaire. The
questions include contacts within the healthcare sector and the use of medication. All the questions
aim at the period of the last four months before the start of the treatment (see Table 1 for the items of the
TiC-P that have been included). Patient expectancy was measured by the credibility and expectancy
questionnaire (CEQ; [53]).

Table 1. TiC-P items included in the analysis.

“How many times did you consult a
general practitioner?”
“How many times did you consult a
psychologist?”
“How many times did you consult a
psychotherapist?”, “How many times
did you consult a psychiatrist?”, and
“How many times did you consult a
professional from an ambulatory
mental health institution?”
“How many times did you consult a
professional from a clinic for alcohol
or drugs?” and “How many times did
you consult self-help groups?”

“How many days did you spend
in a day-time treatment program
in a regular hospital?”
“How many days did you spend in
a day-time treatment program in a
psychiatric hospital?” and “How
many days did you use outpatient
psychotherapeutic services in
addition to your psychotherapy?”

“How many admissions to a
regular hospital did you have?”
and “How many admissions to a
psychiatric hospital did you have?”
“How many admissions to a
rehabilitation clinic did you have?”
“Do you have a paid job?”
“Did health problems oblige you
to call in sick from work at
any time?”

2.4. Data Analytical Strategy

Regarding the predictor variables, a bottom-up approach was followed, which means that even
though some variables might have a particular relevance to one treatment or the other, the predictors
are treated equally in the data analysis.

2.4.1. Missing Data

In line with previous research using the PAI approach, we included those participants for which
PHQ-9 scores after 12 weeks were available [36,38,40]. This left us with n = 245, representing 97.6% of
the total sample. Distributed over the two conditions, there were 126 patients in the TAU condition and

101



J. Clin. Med. 2020, 9, 490

119 patients in the blended treatment condition. With regard to the baseline measures, missing values
were found in the dimensions credibility and expectancy of the CEQ (3.7% respectively 4.1%), the
EQ-5D (1.6%), antidepressants (1.2%), prior psychotherapy (40.4%), comorbid melancholic episodes
(14.3%), comorbid dysthymia (5.3%), comorbid anxiety (2.4%), and some items of the TiC-P (2.0–40.8%).
We imputed these missings in the baseline measures with the R missForest [54]. Here, missing values
are predicted on the basis of a random forest approach, trained on observed values of the available data.
An advantage of missForest is that it imputes categorical and continuous variables simultaneously [55].
It has been shown to be highly accurate and to outperform other imputation methods due to its small
imputation error [56]. The imputed data set is the basis for all analyses that follow.

2.4.2. Bayesian Model Averaging (BMA)

There are different data analysis approaches that can be used to identify baseline variables that
predict outcome in one treatment versus another. Data analysis approaches that rely on one model
only can only include a limited number of baseline measures that could be predictors. In that case,
the most common rule that is used states that at least 10 observations per predictor are necessary to
not exceed a level of bias which is acceptable [57,58]. If we had followed this approach, we could
have only included a small number of predictors. Furthermore, the problem with relying upon a
single selected model is that it may result in overconfidence in the conclusions drawn regarding
quantified associations. The problem is that there may be alternative models that have different subsets
of predictors that fit the data just as well as the one selected model [59,60]. Overfitted models cause
uncertainty regarding the actual value of findings, because they may not replicate in future samples [61].
Bayesian model averaging (BMA) is a method that can account for model uncertainty while providing
a better predictive ability. The BMA method has two advantages. First, it results in predictions that
are less risky and. second, BMA provides simpler model choice criteria, because it uses the Bayesian
inference for model prediction and selection [62]. With BMA, a posterior probability is estimated on
the basis that each considered model is the correct one. This included the aforementioned model
uncertainty in the estimates for the parameter and inferences. That means that BMA averages over
all possible predictor sets and delivers model choice criteria that help to identify the most probable
model. With using BMA, sharper predictions can be derived from the data, especially in cases with
many possible predictors but a limited sample size. Several studies have supported BMA’s predictive
performance [60,63–66].

The data frame was divided into two subsets: the TAU condition and the blended treatment
condition. Using the R package BAS, for each condition, a separate linear regression model was
computed [67]. Then, Bayesian adaptive sampling (BAS) without replacement for variable selection
in linear models using the function bas.lm with treatment outcome was applied (PHQ-9 score after
12 weeks) as the dependent variable. The relative importance of each variable was evaluated using
the posterior probabilities that were calculated for each potential predictor. The marginal posterior
inclusion probabilities functioned as the criteria for determining the importance of the potential
predictors. Values above 0.5 point out that the predictor has been incorporated in more than half the
models; thus, in the present study, in over 15,000 models. The nominal variables were split into their
different categories, which enabled a precise interpretation of the results. The model performance was
further evaluated using posterior probabilities. The appropriate bas.lm function was chosen based
on the following considerations: a Laplace approximation to the Jeffreys-Zellner-Siow (JZS) prior for
the integration of alpha = 1 was used as the criterion for the priors, which is called the “ZS-null”.
The JZS prior uses the Zellner-Siow Cauchy prior on the coefficients and the Jeffreys prior on sigma.
The squared scale of the prior, where the default is alpha = 1, can be controlled using the optional
parameter “alpha” [38,67]. Marginal inclusion probabilities were calculated with the “MCMC+BAS”
method, which runs an initial Markov chain Monte Carlo (MCMC) algorithm and then samples without
replacement, as in BAS. Compared to the BAS alone, the “MCMC+BAS” method is the preferred
option, because it provides estimates with low bias [68]. The number of models was set to 30,000
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assuming that each additional model would add only a small increment to the cumulative probability,
i.e., not leading to essential differences in posterior distributions. Due to the limited sample size, the
models have been built and tested in the same dataset.

2.4.3. Personalized Advantage Index (PAI)

When predicting the therapy outcome for each patient, applying a leave-one-out approach
(“jackknife”) to estimate regression models is an essential beginning step in generating the PAI [36,38,69].
In this procedure, overfitting can be avoided by excluding each target patient for whom the PAI
prediction is estimated from the model. For each patient, two regression models were built using the
treatment-specific predictors identified with BMA. For each patient, a factual prediction (PHQ-9 score
at 12 weeks of the treatment the patient has received) and a counterfactual prediction (PHQ-9 score at
12 weeks of the intervention the patient did not receive) were estimated. In the next step, those two
predictions were compared, and the prediction that resulted in the best outcome for the patient was
defined to be the optimal treatment for that patient. When comparing the observed change scores,
the size of the predicted difference of receiving the treatment with the greater predicted benefit is
ultimately the PAI [36]. The higher the absolute values of the PAI, the stronger is the predicted benefit
of one treatment over another. The interpretation of the PAI can be demonstrated with a recent study
that used the PHQ-9 as the primary outcome and found a PAI of 2.5 [70]. This means that if patients
had received their “optimal” treatment (out of the two), their PHQ-9 score at 12 weeks would have
been 2.5 points lower than if they had obtained their nonoptimal treatment.

3. Results

Henceforth, we firstly report the five best models for each treatment condition, and, secondly, we
report the PAI results. The best models are defined based on the highest posterior probability and the
lowest Bayesian information criterion (BIC).

3.1. Variables Predicting Outcome in TAU

The five best models predicting depression severity at 12 weeks in the TAU condition are displayed
in Table 2. The Bayes factor, number of predictors, R2, log marginal likelihood, and the posterior
probabilities are provided for each model. Model 1 has the largest Bayes factor and the largest posterior
probability (0.02) and, thus, seems to fit the data best. As a result, Model 1 was selected as our final
predictive model of the PHQ-9 score at 12 weeks in the TAU condition.

Table 2. Five best models for treatment as usual (TAU).

Fit Indices Model 1 Model 2 Model 3 Model 4 Model 5

Bayes Factor 1 0.934 0.597 0.572 0.510
Number of Variables 6 6 6 5 6

R2 0.428 0.445 0.441 0.440 0.439
Log Marginal Likelihood 22.729 22.659 22.213 22.170 22.056

Posterior Probabilities 0.021 0.019 0.012 0.012 0.011

While the selected model includes six variables in total, the strongest predictors of the PHQ-9
score at 12 weeks in the TAU condition included the pretreatment PHQ-9 score (Prob = 100%), CEQ
expectancy (Prob = 97%), “How many days did you use outpatient psychotherapeutic services in
addition to your psychotherapy?” (Prob = 95%), “How many times did you consult a psychiatrist?”
(Prob = 64%), Denmark (Prob = 58%), and “How many days did you attend a day-time treatment
program in a psychiatric hospital?” (Prob = 51%). A higher pretreatment score, more consultations
with a psychiatrist, and more days in a day-time treatment program in a psychiatric hospital prior to
treatment predicted a higher PHQ-9 score at 12 weeks. Higher expectancy scores, receiving TAU in
Denmark, and more days using outpatient psychotherapeutic services in addition to the psychotherapy
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prior to treatment predicted lower PHQ-9 scores at 12 weeks. The effects of other variables appeared
minimal due to their small posterior probabilities. See Appendix 1 in the Supplemental Online Material
for the complete list of variables and their inclusion probabilities.

3.2. Variables Predicting Outcome in the Nlended Treatment

Table 3 gives an overview of the five best models to predict treatment outcome in the blended
treatment condition. Based on the posterior probabilities and the Bayes factor, Model 1 was rated the best
model. Thus, Model 1 was selected as the final predictive model for the blended treatment condition.

Table 3. Five best models for the blended treatment condition.

Fit Indices Model 1 Model 2 Model 3 Model 4 Model 5

Bayes Factor 1 0.887 0.577 0.525 0.516
Number of Variables 6 5 4 6 6

R2 0.398 0.416 0.392 0.429 0.446
Log Marginal Likelihood 19.852 19.731 19.301 19.207 19.190

Posterior Probabilities 0.012 0.011 0.007 0.006 0.006

Based on the posterior probabilities, the most important predictors for treatment outcome in the
blended treatment were the pretreatment PHQ-9 score (Prob = 99.9%), regular hospital admissions
(Prob = 99.9%), EQ-5D quality of life (Prob = 74.6%), CEQ expectancy (Prob = 72.3%), consulting
self-help groups (Prob = 70.0%), and being widowed (Prob = 49.7%). CEQ credibility reached a
posterior probability of 42.9%. A higher pretreatment PHQ-9 score, being widowed, more hospital
admissions, and consulting self-help groups predicted higher PHQ-9 scores at 12 weeks. A higher
expectancy for improvement and a higher quality of life predicted lower PHQ-9 scores after 12 weeks.
See Appendix 2 in the Supplemental Online Material for the posterior probabilities of all variables
measured at baseline.

3.3. Personalized Advantage Index

Using the treatment specific predictors described above, the prediction of a patient’s PHQ-9 score
after 12 weeks was computed separately for each treatment condition. The true error of the PHQ-9
score predictions at 12 weeks was 4.16, representing the average absolute difference between the
predicted and actual, observed scores across all patients. Patients who were categorized as having
received their optimal treatment had a mean PHQ-9 score of 9.67 (n = 124) at 12 weeks, whereas
patients who were classified as having received their suboptimal treatment had a mean PHQ-9 score of
12.00 (n = 121). Figure 1 shows the frequency of predicted PHQ-9 scores at 12 weeks for every patient
in both the optimal and suboptimal treatments.

In the first step, an individual PAI was calculated for each patient. Secondly, the average PAI was
calculated as the mean difference in PHQ-9 scores between the optimal and the suboptimal treatments
for each patient. The average PAI of the current study was 2.33. The PAI can be read as follows: if
patients had received the treatment that is “optimal” for them, their PHQ-9 score at 12 weeks would
have been 2.33 points lower than if they had received the treatment that is suboptimal for them. In
Figure 2, the frequencies of the individual PAIs are shown. A PAI that is five or greater would mean
that a substantial difference was predicted between the two treatments, because 5 points on the PHQ-9
stands for a minimal clinically meaningful difference for individual change [71]. This was the case for
29% of the patients in this sample.
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Figure 1. Frequency of predicted PHQ-9 scores at 12 weeks.

Figure 2. Frequencies of individual personalized advantage indexes (PAIs).

4. Discussion

Regarding the predictors of treatment outcome at 12 weeks in each of the interventions, different
relevant predictors were identified for TAU and the blended treatment, respectively. In the TAU
condition, a lower pretreatment PHQ-9 score, less consultations with a psychiatrist and less days in a
day-time treatment program in a psychiatric hospital, higher expectancy, receiving TAU in Denmark,
and more days using outpatient psychotherapeutic services in the four months prior to the study
predicted a better treatment outcome, i.e., a lower PHQ-9 score (at 12 weeks). In contrast, in the
blended treatment condition, a lower pretreatment PHQ-9 score, not being widowed, less hospital
admissions and consulting self-help, a higher expectancy for improvement, and a higher EQ-5D score
predicted lower scores at 12 weeks; thus, a better treatment outcome.

To offer an initial interpretation of our findings, the distinction between prescriptive and
prognostic predictors is used. Prognostic variables predict treatment outcomes regardless of treatment
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conditions [30,38]. In contrast, prescriptive variables may support differential indications by predicting
whether a patient will benefit more from one treatment in comparison to another. In the present
study, the pretreatment depressive symptomatology and treatment expectancy are the only prognostic
predictors, i.e., the only variables that predict treatment outcome in both conditions. This is in
line with previous research that has found pretreatment symptomatology and expectancy to be
important predictors of treatment outcome, in the sense that higher symptomatology before treatment
predicts worse end-state symptomatology [30,34,36,38,72,73] and higher expectancy for improvement
predicts better treatment outcome [74,75]. Interestingly, for internet-based treatments, higher baseline
symptomatology is not necessarily a negative predictor of treatment outcome. More often the
opposite is found, i.e., that higher depressive symptomatology pretreatment predicts better treatment
outcomes [76–78]. This might be partly explained by the efficacy nature of previous randomized
controlled trials (RCTs) in comparison to the routine care and effectiveness nature of the current study.

Regarding the prescriptive predictors, our findings partly corroborate findings from previous
studies predicting treatment outcomes for patients with depression. With regard to prescriptive
predictors of the blended treatment condition, a lower quality of life and being widowed predicted
worse treatment outcomes. In contrast to the present result, the study by Huibers and colleagues [40]
found a higher quality of life to be a prognostic predictor, i.e., to predict favorable outcomes irrespective
of treatment conditions.

For the TAU condition, more consultations with a psychiatrist and more days in a day-time
treatment program in a psychiatric hospital predicted worse treatment outcomes. This could mean
that patients’ symptomatology and patients’ general functioning is too severe to be able to profit from
TAU. Furthermore, to our knowledge, there are no international studies regarding psychotherapy of
depression, indicating country as a relevant predictor of outcome.

Healthcare utilization within the four months prior starting treatment was found to be a prescriptive
predictor in both conditions. Healthcare uptake may be a proxy for a higher somatic or mental burden
and/or may represent a more severe symptomatology of depression. In previous studies, more
complex cases (e.g., with chronic symptoms and psychiatric comorbidities) or more severe depressive
symptomatology predicted a worse therapy outcome [29,38,79–81]. Interestingly, more hospital
admissions only predicted worse treatment outcomes in the blended treatment condition. A possible
interpretation of this finding is the fact that the online modules in the blended treatment protocol are
highly standardized to target depressive symptomatology. As a result, they may have not sufficiently
addressed comorbid symptoms. Somatic comorbidities in patients with depression are not a scarcity
and have an influence on individual treatment response and illness course, because they can complicate
treatment [81]. Furthermore, the number of hospital admissions may also be a proxy for case complexity
and higher mental burden, which in turn may have a negative impact on treatment outcome.

This study’s results demonstrate that BMA makes it possible to use a limited set of baseline
variables to predict treatment outcome. This is in line with a recent study by Bremer and colleagues [42]
that showed the feasibility of providing personalized treatment recommendations at baseline regarding
clinical and cost-effectiveness using a subsample of the current study by evaluating various machine
learning techniques. Moreover, the present study showed that despite sharing the same diagnosis,
patients might benefit more from different treatments. The current study found a PAI of 2.33, indicating
that patients could have a PHQ-9 score at 12 weeks that is, on average, more than two points lower if
they receive their model-determined optimal treatment in comparison to the suboptimal treatment.
This value is in the range of other studies that have found PAIs ranging from 1.35 [38] up to 8.9 [40].
Importantly, for almost one-third (29%) of the patients in the present study, a substantial difference
was predicted between the two treatment modalities as the individual PAI was 5 or greater. This result
is in line with increasing evidence suggesting that differential treatment responses are not rare and
might play an important role for an individual patient and the health care system [30].

The current study has several limitations. First of all, the relatively small sample size did not allow
us to build and test the models in separate samples. Using the same sample for testing and building the
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model might lead to a potential risk of overconfidence. Nevertheless, if studies are designed to develop
and validate prescriptive prediction scores that can be tested in future hypothesis-driven confirmatory
studies, a smaller sample size might be legitimate [82]. Secondly, the results are based solely on
self-reports, and future studies should also include observer ratings. Third, the restricted set of baseline
measures is another limitation. Constructs such as personality traits or the familiarity with computers
have not been assessed but may have influenced engagement with the online component. Relatedly,
people with a low socioeconomic status or senior citizens may not have been well represented in
the present study sample. Such groups may not have the opportunity to benefit from the blended
treatment, because they may not have access to a computer or a smartphone and/or lack the knowledge
to use them. As a consequence, the restricted sample in the present study limits the generalizability
of the results. Furthermore, the current study predicts treatment outcome after 12 weeks. Future
studies should predict long-term treatment outcome [83]. Finally, we have followed a data-driven
approach instead of a theory-driven approach. Although the two methods should be considered
complementary [84], a disadvantage of data-driven research is that it is not experiential, and relying
on the data alone might not capture the whole picture. Relatedly, the predictors found in the current
study need to be validated and replicated in future hypothesis-driven studies.

In spite of the limitations above, the current study is promising to contribute to the further
understanding of treatment for depression, because it investigates implications for the use of the
blended treatment for patients with depression. Clinical practice should consider factors found to play
a role in the treatment and processes of change to provide the optimal treatment for each individual.
For example, the quality of life should be taken into account, as these patients may need a more
intense treatment protocol that integrates face-to-face interventions with web-based technologies. This
interpretation is in line with the notion that more severely depressed patients see the availability
of an online program between face-to-face sessions as an advantage of the blended treatment [85].
Furthermore, healthcare utilization should be evaluated prior to treatment selection, because it can give
valuable information about the patients’ needs, treatment history, and course of illness. In addition,
the predictors found to be important in this study and in previous studies could be taken into account
to make an informed treatment recommendation in clinical practice. However, future studies with
larger samples and more advanced techniques are necessary to validate the current findings, and the
identified predictors have to be tested within clinical routine treatment settings. Moreover, prospective
studies need to integrate the PAI in the diagnostics process at the beginning of a treatment.

5. Conclusions

To conclude, with the first aim of the study, two prognostic predictors, namely, pretreatment
symptomatology and treatment expectancy, were found. Furthermore, several prescriptive predictors
were found, predicting the treatment outcome respective of each of the two conditions. Some of our
findings are in line with previous research, but other variables, such as baseline healthcare utilization,
have not been investigated in this context. The interpretations regarding the prognostic and prescriptive
predictors need to be tested empirically, because they are somewhat speculative. Furthermore, this
study showed an advantage of model-determined treatment allocation to the TAU or blended treatment,
as one-third of the participants had a PAI larger than 5, which means they would have improved
significantly if they had received their “optimal” treatment. Although the results need to be validated
in future hypothesis-driven studies, the predictors found to be important in the current study should
be taken into account to make an informed treatment recommendation in clinical practice.
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Abstract: Adjustment Disorder (AjD) represents a healthcare paradox. On the one hand, it is one of
the most diagnosed mental disorders worldwide. On the other hand, AjD and its possible treatment
options remain a severely neglected field of research. In this context, we developed a self-guided
online intervention for adjustment problems, named ZIEL, and tested its efficacy. It is based on and
extends a bibliotherapeutic treatment approach for symptoms of AjD. In our study, a total of 98
individuals who had experienced a life event in the last two years, were randomly assigned to care as
usual (CAU) or an online intervention group (CAU + online intervention). The primary endpoint was
AjD symptom severity measured by Adjustment Disorder–New Module 20 (ADNM-20). Secondary
endpoints were depressive symptoms, quality of life and other variables such as satisfaction and
usability. Both the intervention and the control group improved comparably well regarding the
severity of adjustment disorder symptoms post-treatment. However, participants in the intervention
group showed significantly fewer depressive symptoms and a significantly higher quality of life
(Cohen’s d: 0.89 (BDI) and −0.49 (SF-12)). The intervention was well-received by users with an
above average usability rating. Overall, the results suggest that the ZIEL intervention has the
promise to contribute to the treatment of AjD and reduce symptom burden by means of a scalable
low-barrier approach.

Keywords: adjustment disorder; e-mental health; self-guided intervention; disorders specifically
related to stress

1. Introduction

“It’s really wonderful how much resilience there is in human nature,” famous Dracula novelist
Stoker stated at the end of the 19th century, against the background of his own adverse experiences [1]

However, there are events in the lives of people that can exceed their psychological resilience.
Adjustment Disorder (AjD) marks the transition between normal stress response and impairments
with clinically relevant severity or duration [2]. Even if the specific nature of this shift is debated,
it does exist [3,4]. What is remarkable, however, is the extent to which the state of clinical practice
diverges from the research efforts on AjD. On the one hand, it is one of the most diagnosed mental
disorders worldwide [5]. On the other hand, research on AjD and its possible treatment remain a
severely neglected field of study [6].

One reason for the gap between practice and research is the lack of diagnostic reliability and
validity of AjD, in its ICD-10 and DSM-5 sub-threshold conceptualization [7–9]. However, the evidence
base for a full-threshold understanding has been increasing. Amongst others, this includes an equal
symptom-severity to e.g., major depression, a lowered quality of life and comparably earlier execution of
suicidal ideations [10–13]. Consequently, a re-conceptualization of AjD in the ICD-11 was achieved [4].
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It is now being recognized as a full-threshold disorder with the core symptoms of preoccupation with
the stressor (e.g., constant rumination) and failure to adapt (e.g., concentration problems) [14].

The importance of this change becomes apparent when looking at the current AjD health care
situation. A large proportion of diagnosed individuals do not receive treatment at all [15]. The majority
that do, receive it in primary health care settings. Here, AjD is just as likely to be treated with
pharmacotherapy like other severe mental disorders; the crucial difference being, that there is no
evidence base for this practice with AjD [4,16]. As Strain and Friedman recommend, the first-line of
treatment for AjD is psychotherapy, where different general approaches like Cognitive Behavioral
Therapy, Eye-Movement Desensitization and Reprocessing, Client-centered Psychotherapy and various
brief psychological interventions have been tested with varying success [17–20]. Disorder-specific
approaches are rare, but they do exist.

Regarding this scarcity of disorder-specific AjD treatment approaches, there have been various new
impulses in the context of Internet-based interventions for AjD in recent years. One of the first digital
AjD-specific treatments used Virtual Reality elements to enhance a face-to-face intervention. So-called
“EMMA’s World”, proved to be an effective alternative to traditional treatment and led to significant
improvements in areas of depression, relaxation and social interactions for participants [21]. A more
recent development of the same group, called TAO, is currently being tested [22]. It combines approaches
from cognitive-behavioral therapy (CBT) and Positive Psychology for the guided treatment of AjD.
Preliminary findings show good results for both user-friendliness and acceptance for participants [23].
A different approach is pursued with BADI (Brief Adjustment Disorder Intervention), a self-guided
intervention for AjD [24]. It combines exercises in relaxation, time management, mindfulness and
coping with interpersonal difficulties. Results of a randomized controlled trial show a medium effect
size of the intervention on adjustment disorder symptoms [24]. Lastly, there is a new guided online
intervention for chronic stress, that explicitly includes AjD. It uses a larger catalog of contemporary
CBT techniques, e.g., exposure, sleep management and behavioral activation. A first trial showed
moderate to large improvements in terms of perceived stress, as well as in functional impairment and
work ability [24].

From a client’s point of view, internet-based interventions offer significant advantages, some of
which make AjD uniquely suited for this approach [25,26]. First, there is the potential for optimal
timing of the intervention. In principle, online interventions could be made available immediately
after the occurrence of an adverse life event, for example, via smartphone. This also eliminates the
stigma, that would typically be associated with both a strong reaction to a stressor and a visit of a
therapist, and usually prevents many individuals from utilizing available help [27]. Finally, the main
advantage of self-guided interventions, in particular, is their enormous scalability. It allows not just for
consistent availability of services but also ensures economic viability. Both the cost of distribution and
the marginal costs added by each new user, converge towards zero with larger numbers of participants.

At the same time, digitalization also opens new possibilities for researchers and practitioners.
A central idea is an iterative and incremental approach, as it is part for example, of the agile software
development framework [28]. Instead of strictly sequential production, one assumes continuous
development of an intervention, driven by constant learning. This has various advantages. Firstly,
it allows for rapid iterations of just specific parts of either the content or technology. Scope and
functionality can be efficiently expanded based on momentary resources and needs [26]. Secondly,
the software allows for detailed analytics of use. With little additional effort, different functionalities
or variants of modules can be tested in direct comparison [29]. Thirdly, the translational lag with the
transfer of current research findings into clinical practice is significantly shorter than with traditional
approaches [30]. Altogether, this bears the potential to significantly improve the quality and availability
of care for individuals in need on a long-term basis.

These considerations form the basis of this study and its two objectives: Firstly, the development
of a sustainable self-guided intervention for AjD called “Back to your own life (German acronym:
ZIEL).” Secondly, to test the efficacy of this intervention, compared to a care as usual control group
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(CAU). We hypothesized that the active treatment condition would be superior to CAU on measures of
AjD symptom severity and that effects would be stable in the three-month follow-up. The goal is to
contribute and to expand the growing efforts in the field of AjD research and care.

2. Experimental Section

2.1. Study Design

This randomized controlled trial (RCT) compared an immediate intervention group with
a CAU-only control group. The program was only accessible during the intervention stage.
The participants of the control group got their access after the four-week post-assessment.
The immediate intervention group was followed up until three months after randomization to
examine the stability of potential gains. The trial was registered with Clinicaltrials.gov and was
approved by the Ethics Committee of the School of Arts and Science at the University of Zürich,
Switzerland (1 February 2016) [31].

2.2. Recruitment

We recruited individuals from the general population from January 2018 until March 2019. For this
purpose, we used a study recruitment web page, which was advertised on various websites, forums,
and social media. Additionally, we advertised the study at various psychiatric hospitals around
Switzerland. The study web page presented general information about adjustment problems and AjD,
an outline of the study, a link to 24 h emergency phone numbers, and a registration form.

Individuals who registered received detailed information about the study via e-mail. Individuals
who signed informed consent were asked to complete online self-report questionnaires. Based on
the answers, the eligibility criteria were assessed. For inclusion, the following criteria had to be met:
Minimum age of 18 years, the existence of an emergency address and a life event between two weeks
and two years before the participation that still negatively impacts their lives. The latter recorded by
means of the Adjustment Disorder-New Module 20 (ADNM-20) stressor list.

The following criteria led to exclusion: Moderate or severe depressive symptoms (BDI > 18),
suicidality (BDI suicidality item > 1), a diagnosis of psychotic, bipolar or other serious mental or
physical disorders requiring immediate treatment. Individuals who did not meet the criteria were
referred to adequate services and had the opportunity to access the intervention outside of the study.

2.3. Enrollment

A flowchart of the enrollment sequence is depicted in Figure 1. A total of 421 individuals signed
up on the recruitment site, 315 gave informed consent and completed the baseline questionnaires.
Out of those, 217 had to be excluded based on the inclusion and exclusion criteria. The remaining
98 participants were randomly assigned to one of the two trial conditions: the CAU plus internet
intervention condition or the CAU control condition. Randomization was carried out by an independent
researcher at the University of Bern. The independent researcher used anonymized numbers for the
allocation, via a pre-produced 1:1 ratio, random sequence [32]. The allocation list was concealed
from the investigators and participants. After the randomization, the participants received an email
regarding their allocation.
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Figure 1. Participant flow.

2.4. Online Intervention

2.4.1. Platform

Technologically, we wanted to create the conditions for continuous in-house intervention-
development. A platform should enable us to efficiently adapt to advancements in research and on
the end-user side. Consequently, we have aimed to implement powerful open source components
whenever possible. One example would be the front-end toolkit Bootstrap that we used for mobile-first
interface design [33]. In addition to high quality, the use of popular tools provides good accessibility
for potential follow-up projects.

Another aim that guided development was a good user experience (UX) throughout the study.
One instance of how this goal manifests itself, is the so called reduction of friction. In the context of
UX, this is understood to mean that the intervention is used with as little disruption and frustration
as possible to prevent users from abandoning their tasks at hand. An example of this would be
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the registration, as the first entry point to the study. Contrary to a common multi-step procedure,
ZIEL-users could enter the registration-process with just one click of a button.

2.4.2. Intervention

The intervention is based on a manual by Bachem and Maercker [34]. This manual is aimed at AjD
for burglary victims and has already been successfully tested in a paper-based version [35]. Based on
the theoretical model of AjD for the ICD-11, it integrates evidence-based techniques from the areas of
post-traumatic stress disorder, anxiety disorders and depression [36]. The intervention is to be carried
out over 4 weeks, whereby the content can be freely chosen by the users according to their current
needs or symptoms.

In the first part, users are introduced to the concept of AjD and guided to assess their current
symptom burden. Building on this, they get support in deciding whether the intervention is appropriate
or whether it is better to make use of traditional support services. This is followed by a second part
with self-help exercises, modelled along symptoms or symptom clusters as typically experienced by
those affected.

In the first section on sense of self, the stress response and previous coping strategies are examined
in more detail, also in light of existing risk and protective factors. In the second section on coping,
a series of cognitive strategies are introduced in order to learn how to deal better with presenting
burdens. These include techniques such as stopping thoughts from ruminating, as well as correcting
cognitive biases (i.e., addressing preoccupations). In the third section on activation, the user deals
primarily with the utilization of personal resources at various levels. This includes functional goal
setting as well as e.g., the initiation of physical activities (i.e., addressing failure to adapt symptoms).
Lastly, the section on recovery covers how activity and rest phases can best be kept in balance in the
future, as well as a number of relaxation techniques. Table 1 depicts the details of the content sections.

Table 1. Section overview.

Section 1: Introduction Psychoeducation; learning to evaluate the psychological burden caused by a life
event; deciding about the adequacy of the intervention.

Section 2: Sense of self Analyzing the individual adjustment reaction; learning about risk and protective
factors; inspecting individual former coping strategies.

Section 3: Coping Recognizing and correcting cognitive biases; writing a narrative exposure
exercise; managing anxiety and rumination.

Section 4: Activation Physical exercising; setting realistic positive goals; regaining positive experiences;
evaluating milestones of the personal history.

Section 5: Recovery Learning to balance activity and relaxation; getting to know various approaches
to relaxation; improving sleep and imaginative techniques.

The preservation of a self-directed approach resulted from the perspective of a possible scalable
implementation in a standard care setting. After a negative life event, there is a time window of
about one month in which a possible development of AjD takes place [14]. In order to support
affected people to a relevant extent on such short notice, a reliance on skilled workforce would not be
feasible regarding availability and organization. Closely related is the decision in favor of a completely
anonymous and automated usage scenario. Social barriers to timely care should be eliminated as
far as possible. Finally, the content was re-written agnostic of a specific stressor, restructured into
shorter text-sections and additionally made available as audio versions. Figure A1 shows illustrative
screenshots of the intervention.
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2.5. Outcome Measures

2.5.1. Adjustment Disorder Symptom Severity

The Adjustment Disorder-New Module 20 (ADNM-20) is a self-report questionnaire to track life
events and identify adjustment issues. In the first part, it records acute and chronic life events by
means of a semi-structured stressor list. In the second part, the AjD core symptoms of preoccupation
and failure to adapt (4 items each) as well as accessory symptoms of avoidance, depressive mood,
anxiety and impulse disturbance (12 items) are measured. All 20 items are measured on a 4-point
Likert-type scale (1 = never, 4 = often) [37]. Additionally, a total sum score indicates the overall symptom
burden and allows for the identification of high risk for AjD (score above 47.5) [38]. The scale offers
satisfactory psychometric properties as shown in previous studies [36,37]. The internal consistency of
the ADNM-20 in the present study was good for the sum score (Cronbach’s α 0.85), and acceptable for
the subscales preoccupations (Cronbach’s α 0.78), failure to adapt (Cronbach’s α 0.73) and good for the
accessory symptoms (Cronbach’s α 0.83).

2.5.2. General Psychopathology

The Brief Symptom Inventory, Short Form (BSI-18) is a self-report questionnaire to assess general
psychological distress. Syndromes of somatization, depression, and anxiety are measured by 18 items on
a 5-point Likert-type scale (0 = not at all, 4 = very strong) [39]. The BSI-18 exhibits robust psychometric
qualities in previous studies [38]. In the present study, Cronbach’s α was 0.82.

2.5.3. Depressive Symptoms

The Beck Depression Inventory (BDI) is a self-report questionnaire to assess depressive symptoms.
Each of the 21 items is rated on a 4-point Likert-type scale (0 = not at all, 3 = very strong) [40]. The BDI
offers sufficient psychometrics properties [41]. In the present study, Cronbach’s α was 0.77.

2.5.4. Quality of Life

The Short Form Health Survey–12 (SF-12) is a self-report questionnaire to assess health-related
quality of life. Both a physical and a mental health index are measured by 12 items on a 5-point
Likert-type scale [42]. The instrument shows robust psychometrics properties [43]. In the present
study, Cronbach’s α for the mental health subscale was 0.78 and for the physical health subscale, 0.76.

2.5.5. Expectations about Treatment

The Credibility/Expectancy Questionnaire (CEQ) is a self-report questionnaire to assess treatment
expectancy and the credibility of its rationale. The subscales of treatment credibility and outcome
expectation are measured by six items in total, each on a scale of 1 (not at all) to 9 (very much). The CEQ
exhibits robust psychometric qualities [44]. In the present study, Cronbach’s α was 0.88.

2.5.6. Usability

The System Usability Scale (SUS) is a self-report questionnaire to assess the usability of a system.
Each of the ten items was adapted to the use-case and is measured on a 5-point Likert-type scale (1 =
strongly agree, five strongly disagree) [45]. The SUS offers robust psychometric properties [46]. In the
present study, Cronbach’s α was 0.84.

2.5.7. Adherence

The intervention platform automatically registered various indices of adherence for each
anonymized account-ID: Number of logins, individual pageviews, pageviews per login, total and
average time spent in the intervention.
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2.6. Power Analysis

The power analysis was conducted with G*Power 3 to determine the appropriate sample size
for the detection of differences between the two groups [47]. We aimed at the detection of a medium
effect size of 0.5, based on previous research by Eimontas et al. [22]. Accordingly, a power analysis
showed that with an alpha error level of 0.05 and a power of (1-beta) of 0.80 about 128 individuals
would be needed.

2.7. Statistical Analysis

To test group differences in both demographic data and baseline measures, independent sample
t-tests, respectivelyχ2-tests for nominal data variables were used. Differential outcomes at posttreatment
were evaluated according to an intention-to-treat principle using a mixed-model repeated-measures
analysis of variance with time (pre-post) as a within-group factor and treatment condition as a
between-group factor. This approach was favored as it uses all available data of each subject.
Missing values are not substituted; rather parameters of missing values are estimated [48]. Within-
and between-group effect sizes (Cohen’s d) were calculated based on estimated means and the
pooled standard deviation from the observed means. Within-group changes in outcome scores from
posttreatment to follow-up were analyzed using paired t-tests for people who completed the post
and the follow-up-assessment in the intervention group only. To test predictions to the outcome,
we calculated linear regression models regressing each adherence measure on the 4-week primary
outcome (ADNM-20) controlling for baseline scores in the intervention group. Post hoc tests were
Bonferroni corrected for multiple comparisons. All analysis was performed in R and the package
lme4 [49,50].

3. Results

3.1. Pre-Treatment Evaluation

The conditions in both groups did not differ in terms of AjD symptom burden or demographic
characteristics. The incidence of AjD in the intervention group was 71% (n = 34) and 72% in the CAU
group (n = 36). Table 2 provides corresponding details for demographic characteristics. Likewise,
the perception of credibility and expectancy of the intervention was the same for participants in both
conditions (p > 0.47).

3.2. Dropout Analysis

Overall, 47 (active, n = 32; CAU, n = 15) participants (48%) did not complete the posttreatment
assessment, even though they had been invited three times in weekly intervals via automated email.
The difference in response between the two groups is significant (p < 0.01). This can likely be attributed
to the fact, that the control group did not gain access to the intervention until after completing the
post-assessments. Reasons for dropping out remained unknown since there was no way to reach
and question the respective users. As for predictors of dropout, there were no significant differences
observed in terms of demographics, pre-treatment or post-treatment scores (all ps > 0.21) between
those who provided data and those who did not.

3.3. Treatment Outcomes

The observed and estimated means for the self-report questionnaires are presented in Table 3.
Mixed-model linear regression analysis with group as a fixed factor and time as a repeated factor
(pre-post) were conducted for each of the dependent outcome measures.
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Table 2. Pre-Treatment Evaluation.

Intervention Group
n = 48

CAU-Only Group
n = 50

Statistic

Mean age, years (SD) 40.54 (13.0) 40.28 (12.8) t(96) = 0.10 p = 0.92

Gender n (%)
Female 40 (83.3) 44 (88.0) Chi2 = 0.44 p = 0.51
Male 8 (16.7) 6 (12.0)

Marital status, n (%)
Single 11 (22.9) 10 (20.0) Chi2 = 2.06 p = 0.72
Married 28 (37.5) 24 (48.0)
Living together 10 (20.8) 11 (22.0)
Divorced 7 (14.6) 4 (8.0)
Widowed 2 (4.2) 1 (2.0)

Number of kids, n (%)
None 23 (47.9) 27 (54.0) Chi2 = 3.36 p = 0.50
One 7 (14.6) 11 (22.0)
Two 13 (27.1) 10 (20.0)
Three 4 (8.3) 1 (2.0)
More than three 1 (2.1) 1 (2.0)

Employment, n (%)
Full-time paid work 13 (27.1) 23 (46.0) Chi2 = 5.60 p = 0.35
Part-time paid work 19 (39.6) 15 (30.0)
Unemployed 2 (4.2) 2 (4.0)
At home parent 4 (8.3) 1 (2.0)
Student 5 (10.4) 3 (6.0)
Retired 5 (10.4) 6 (12.0)

Highest education, n (%)
Compulsory school 1 (2.1) 0 (0.0) Chi2 = 5.06 p = 0.17
Apprenticeship 15 (31.3) 8 (16.0)
College 5 (10.4) 4 (8.0)
University 27 (56.3) 38 (76.0)

Current psychological
treatment, n (%)

Yes 15 (31.3) 9 (18.0) Chi2 = 2.33 p = 0.13
No 33 (68.8) 41 (82.0)

Current medications, n
(%)

Yes 5 (10.4) 2 (4.0) Chi2 = 1.52 p = 0.22
No 43 (89.6) 43 (86.0)

Experience with
E-Mental Health, n (%)

Yes, good 5 (10.4) 4 (8.0) Chi2 = 0.17 p = 0.68
Yes, bad 0 (0.0) 0 (0.0)
No 43 (89.6) 46 (92.0)
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For the primary outcome, the effect of the ADNM-20 was not qualified by significant Group× Time
interactions for either the sum score (F1,96 = 2.38, p = ns), or for the subscales (F1,96 = 0.03–3.13, p = ns;
see Table 3), meaning that the symptom severity did not decrease significantly in the intervention
group compared to the control group. Between-group effect sizes based on estimated means, corrected
for baseline differences, were small for the sum score (d = 0.31) and small to medium sized for the
subscales (d = 0.03–0.51; see Table 3). Within-group comparisons based on estimated means in the
treatment group showed large effect sizes for the sum score (d = 1.04) and small to medium effect
sizes for the subscales (d = 0.27–0.74; see Table 3). Within-group effect sizes in the control group
were medium-sized for the sum score (d = 0.70) and small to medium-sized as well for the subscales
(d = 0.37–0.69; see Table 3).

As for secondary outcomes, the effect of the BDI showed significant Group × Time interactions
(BDI: F1,96 = 19.5 p < 0.01). At post, between-group effect sizes based on estimated means were d = 0.89,
meaning that for the intervention group, there was a large effect in terms of depressive symptom
decrease compared to the control group. Within-group comparisons based on the estimated means in
the treatment group showed large effect sizes (BDI: d = 0.95). In contrast, within-group effect sizes
in the control group were negligible (BDI: d = 0.20). Treatment effects for the intervention group at
three-month-follow-up were stable (pre–follow-up, d = 0.95) as no significant differences could be
detected in comparison to the effects at post (p > 0.30).

For the SF-12 mental health subscale, there was a significant Group × Time interaction (SF-12MH:
F1,96 = 13.52, p < 0.01). At post, between-group effect sizes based on estimated means were d = 0.74,
meaning that for the intervention group, there was a medium effect in terms of increased mental
health-related quality of life compared to the control group at post. Within-group comparisons
based on the estimated means in the treatment group showed small effect sized at post (SF-12MH_post:
d = 0.31) and significantly improved to medium effect size at follow-up (SF-12MH_fu: d = 0.68, p < 0.01).
In contrast, within-group effect sizes in the control group were negligible at post (SF-12MH: d = 0.02).
For the SF-12 physical health subscale, there were no significant Group × Time interactions detected
(SF-12PH: F1,96 = 3.16, p = 0.08).

3.4. Diagnostic Status Pre- and Post-Treatment

In total, 51 participants filled out the post-treatment questionnaire (Active, n = 16 (33%), CAU,
n = 35 (70%)). According to the self-report at post-treatment, 15 out of 48 participants in the intervention
group (31%) did not meet the criteria for AjD. In contrast, 14 participants in the control group (28%)
could be considered remitted after four weeks.

3.5. Program Usage and Usability

The intensity in which the intervention was used shows a high degree of heterogeneity within
the user group. The average time spent in the intervention (total) was 43 min (SD = 106.6), while the
average duration of a session was 8 min (SD = 11). The average number of sessions (total) was 2.7
(SD = 5.2). The usability of the intervention was rated as above average by the users. The average SUS
score was 73 (SD = 18), which translates to an adjective rating of “good” [51].

3.6. Predictors of Outcome

To investigate potential predictors of outcome, we used regression analyses, predicting 4-week
primary and secondary outcomes, controlled for baseline scores. For these analyses, we only used data
of participants that logged in at least once and completed the post-treatment questionnaires. None
of the pre-treatment variables such as age, sex, marital status, occupational situation, education or
psychotherapeutic treatment had any significant relation to the primary outcome (all ps > 0.24). At the
same time, none of the indicators of program usage such as number of sessions or time spent in the
intervention were significantly associated with the treatment outcomes for both groups of participants
(all ps > 0.27).
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4. Discussion

The present research aimed to develop a self-guided intervention for adjustment problems and to
test its efficacy compared to a control group. Contrary to our hypothesis, there were no significant
differences between the intervention group and the control group regarding the primary outcome
measure ADNM-20 and its subscales. Both groups showed significantly lower AjD symptom burden
from baseline to post-treatment. This result and the within-group effect size of d = 1.04 in the
treatment group are in line with the results obtained with the original manual by Bachem and Maercker,
what indicates its adequate online implementation [32,33]. The between-group effect size of d = 0.31
was not significant, whereas, the study was underpowered to detect small effects like this.

Although both groups showed similar improvements for the primary outcome, the intervention
group showed a significant between-group effect on the reduction of depressive symptoms (d = 0.89).
Effects within the intervention group could also be maintained over the three-month follow-up period.
This is an encouraging result, which could not yet be shown in previous studies on internet interventions
for AjD [22].

Likewise, there was a significant between-group effect regarding the improvement of mental
health-related quality of life at post (d = 0.74). Within-group comparisons in the intervention group
showed significant improvements over all three points of measurement, respectively (SF-12MH_post:
d = 0.31, SF-12MH_fu: d = 0.68). For the physically related quality of life, there were no significant effects
detected (SF-12PH: d = 0.33, p = 0.08), which again could be related to the lack of power to detect small
effect sizes in the present study.

The overall results are further consistent with those of the BADI self-guided approach to AjD
treatment by Eimontas et al. [22]. It showed medium effect sizes regarding the AjD symptom reduction,
starting from a comparable severity of symptom burden in the pre-treatment evaluation. In contrast to
the present study, however, the control group showed no comparable improvements.

In a wider context, the results of the present study stand in accordance with previous research that
supports the viability of self-guided approaches in different contexts [52,53]. We were able to show
that highly scalable self-guided interventions have a positive effect on users. However, the effects are
still small and many dropouts can be expected.

4.1. Limitations

Several limitations to this study need to be acknowledged. First, the sample consisted of
self-selected participants. It can be assumed that already a positive opinion regarding internet
interventions prevailed. This restricts generalizability, but on the flipside, also reflects a realistic health
care scenario. Second, the study suffers from a high dropout rate of 48% (pre-post). Third, the results of
the study are solely based on self-report measures, which however allows for scalability of the approach.
Fourth, we had a relatively heterogeneous sample of participants regarding symptom burden. Fifth,
unexpectedly, the organizational- and time-restrictions of the project did not allow the recruitment
efforts to be extended in such a way as to achieve the number of participants required for the assumed
effects. This calls for changes in future studies and restricts the generalizability of the current results,
demanding their appropriately cautious interpretation. Lastly, from an ethical perspective, we deemed
it important to not extend the delay for the waiting list further than needed in the potential period of
onset of AjD as a transient disorder. However, this not only made a comparison between experimental
and control group at three months impossible, but also clearly limits the informative value on account
of the temporal stability of effect beyond this period.
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4.2. Implications and Learnings

Even though it is an empirically common phenomenon, especially for self-guided interventions,
the low adherence to the intervention, respectively high dropout of the participants, should
not be overlooked. Several studies have already demonstrated meaningful relation to treatment
outcome [22,54]. Thus, it is a positive sign, that significant effects have been found for ZIEL, despite
the relatively small “adherence-dosage”. However, a solution-oriented approach to the problem is
mandatory and represents an important aspect of the further development of the intervention. We have
to assume that we were not able to match the needs of users, e.g., in terms of technical or content-related
aspects [55].

To improve adherence, we see different steps that could be implemented in the next
iteration [56]. First, the integration of automated reminders should be able to increase engagement [57].
Complementary to this, the addition of automatic feedback on tasks and virtual rewards for favorable
actions could be a valuable investment that we want to pursue. On a more general level, we see the
need to improve the product-market-fit of the intervention in the broadest sense. To better be able to
match user needs, we plan to focus and collaborate with specific target groups, based on classes of
AjD-relevant life events like e.g., divorce. This would make it possible to generate greater personal
relevance for the user on the one hand. On the other hand, we could target specific needs more directly
and learn faster from focused user feedback. An example of such an approach in a guided format is
the internet-based intervention for adaption problems after separation or divorce, called LIVIA, which
showed significant improvements and moderate effect sizes for participants [58].

A positive and fruitful experience which we gained during the work on the present study, was with
the closed loop between the development of both the content and the software. While there is currently
a trend in our field towards outsourcing the technical implementation, it has proven very efficient
for us to understand the content and IT as two sides of the same coin. Based on an agile strategy,
one can make early decisive decisions for later developments. In other words, the hope is that initial
investment in interdisciplinary teams will pay off several times over, in the lifecycle of fruitful projects.
The approach becomes even more relevant in an academic context, with a multitude of parallel projects,
changing financing situations and continuously changing teams.

In conclusion, the present study supports the current positive findings of efficient internet-based
treatment of AjD. It expands the current state of knowledge with an extension of possible approaches
to treatment and conceptual considerations regarding the process of realization. Given the potential
reach and impact of a low threshold, high scalability intervention for AjD, sustainable research efforts
are required.

Author Contributions: R.B. and A.M. developed the original intervention manual and its theoretical framework.
C.M. developed the intervention platform and revised the content. A.M. and T.B. were involved in planning and
supervised the work. C.M. wrote the manuscript with input from all authors.

Conflicts of Interest: The authors declare no conflict of interest.

124



J. Clin. Med. 2019, 8, 1655

Appendix A

  

  

Figure A1. Illustrative Screenshots of the ZIEL Intervention.
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Abstract: This study examined user engagement with ZeroPhobia, a self-guided app-based virtual
reality (VR) Cognitive Behavior Therapy for acrophobia symptoms using cardboard VR viewers.
Dutch acrophobic adults (n = 96) completed assessments at baseline and immediately following
treatment. Primary outcome measures were the Acrophobia Questionnaire (AQ) and the Igroup
Presence Questionnaire (IPQ). Usage data consisted of number of VR sessions practiced, practice time,
and fear ratings directly after practicing. Results show that of the 66 participants who played at least
one level, the majority continued to finish all levels, spending on average 24.4 min in VR. Self-reported
fear consistently decreased between the start and finish of levels. Post-test AQ scores depended
quadratically on time spent in VR. Higher pre-test AQ scores were significantly associated with
subjective anxiety after the first level and a reduction of post-test AQ scores, but not with number of
sessions, suggesting it might be more beneficial to play one level for a longer time period instead
of practicing many VR levels. Results also show an optimum exposure level at which increasing
practice time does not result in increased benefit. Self-guided VR acrophobia treatment is effective
and leads to consistent reductions in self-reported anxiety both between levels and after treatment.
Most participants progressed effectively to the highest self-exposure level, despite the absence of
a therapist.
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1. Introduction

Given the global challenge of access to evidence-based psychological treatment for common
mental health disorders, there is an evident need for affordable and scalable self-help interventions [1].
Reasons for limited access include a lack of mental health professionals and high treatment costs [2].
Digital interventions may offer a solution. Several meta-analyses of randomized controlled trials (RCTs)
have demonstrated effectiveness for digital interventions, mostly online, for treating common mental
disorders such as anxiety disorders [3–5]. Innovations in this field comprise virtual reality (VR) and
mobile applications (apps) [2]. There is empirical evidence that such interventions can be similar in
effectiveness compared to face-to-face treatment [1,6–10]. For example, Morina et al. [9] demonstrated
in their meta-analysis that results of behavioral assessment at post-treatment and at follow-up revealed
no significant differences between VRET and exposure in vivo. Furthermore, in our study [1] we
showed that results of an VR-CBT-based app were comparable to results found in studies investigating
the effectiveness of traditional CBT. However, less is known about how user adherence and engagement
relates to effectiveness of these interventions, especially with regard to VR and mobile app-based
interventions. One exception is the study of Hong et al. [11] in which the effectiveness and usage of a
mobile-based self-training VR program for acrophobia was investigated. Interestingly, heart rate (HR)
and gaze down percentage were also included in this study. Using a pre-post study design with two
arms (high and low acrophobic symptoms), Hong et al. demonstrated that participants with higher
acrophobia symptoms derived more benefit from the VR program compared to those with lower
acrophobia symptoms. Furthermore, they found a negative correlation with gaze-down percentage in
the high acrophobia symptom group compared to the low acrophobia symptom group. In this study,
subjects attended a VR-center and had contact with research staff. Treatment efficiency and effectiveness
could be enhanced by a better understanding of how intervention usage affects outcome [12–14].
For example, treatment efficiency can be improved through the identification of redundant elements
that do not contribute to symptom reduction. Treatment effectiveness can be increased by identifying
where participants drop-out and improving that element to reduce drop-out. Exploring usage data of
fully self-guided interventions is of particular importance due to the lack of human oversight and the
resulting inability to adjust the course of such interventions [12]. An analysis of usage data can be
beneficial in optimizing the uptake and continued use of these self-guided interventions.

Recent studies examining usage data of digital interventions have demonstrated that highly active
users completing more modules predict better outcomes for eating disorders, smoking cessation and
depression [15–19]. Previous studies also demonstrated that higher activity during the first week of
treatment is a predictor of better adherence for web-based interventions [20,21]. Moreover, more concise
and shorter interventions achieve better usage rates compared to extensive interventions [22]. However,
in a recent review, Donkin et al. [15] concluded that several potential usage metrics (number of
log-ins, time spent online) were inconsistently associated with outcomes for online interventions for
psychological disorders. Only the relation between proportion of completed modules and outcome
emerged as a consistent association [15,16]. Previous research into VR treatment indicated that presence
plays an important role in the effectiveness of a program [23]). For example, in our study reporting
the main results of this trial we found that a larger reduction in acrophobia symptoms was associated
when the feeling of being present in the virtual environment was higher [1].

The efficacy of VR interventions for acrophobia has been well-documented (for an overview,
see [24]. However, with few exceptions (e.g., [25]) usage data of virtual reality (mobile app) interventions
for common mental disorders has remained largely unexplored. For self-guided VR interventions,
participant retention is important as there is no therapist oversight into the process. The aim of
the present study was to examine usage of, and engagement, with, ZeroPhobia, a fully self-guided
app-based virtual reality Cognitive Behavior Therapy (VR-CBT) for acrophobia, using mobile phones
and a low-cost (cardboard) virtual reality viewer, and to determine user metrics contributing to
effectiveness. The most important element of CBT for anxiety disorders is exposure, in which the
participant is repeatedly confronted with the feared object or situation, thus learning that the expected
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disaster is not happening. This, in turn, leads to decreases in anxiety symptoms [26]. We specified
the following exploratory hypotheses: (1) higher VR activity (number of completed VR sessions,
practice time in VR) is associated with reduced post-test acrophobia symptoms; (2) higher presence
scores on the IPQ are correlated with stronger decreases in anxiety ratings directly after practicing
with exposure in the VR environment; (3) higher acrophobia symptoms at pre-test correlate positively
with VR anxiety ratings and VR activity, and negatively with a reduction in acrophobia symptoms at
post-test; and (4) post-session anxiety levels consistently decrease compared to pre-session anxiety
levels after repeated practice in the VR environment.

2. Materials and Methods

2.1. Study Design and Procedure

In the current study, we carried out a secondary analysis of a previously published outcome
study [1]. Details of the materials and methods are described elsewhere and will therefore not
be dealt with in detail here [1,27]. In short, in this single-blind RCT, participants were recruited
from the Dutch general population through websites, magazines and local media. Ethical approval
was received from the Medical Ethics Committee of the VU University Medical Center (registration
number 2016-563, Trial registration: NTR6442) [1]. Participants were randomized into two groups:
intervention or waitlist. The research team was blind to treatment allocation. All materials were
completed online without researcher intervention. Trial Registration: Nederlands Trial Register
http://www.trialregister.nl identifier: NTR6442 (prospectively registered).

2.2. Participants

Participants (18–65 years) who provided written informed consent by email or mail, who scored
at least 45.45 on the Acrophobia Questionnaire (AQ)-Anxiety [28,29], had access to an Android
smartphone (Android v.5.1 Lollipop or higher, 4.7–5.5 inch screen and gyroscope) were included in the
study. Participants with insufficient Dutch language skills, or participants receiving current phobia
treatment or psychotropic medication < 3 months were excluded from the study, as well as participants
having severe depression (Patient Health Questionnaire [PHQ-9], [30]; total score > 19) or suicidality
(Web Screening Questionnaire; WSQ, score ≥ 3; [31]). Enrollment commenced 24 March and ceased
28 September 2017.

2.3. Intervention: ZeroPhobia

ZeroPhobia-Acrophobia consists of six animated and engaging modules using 2D animations
which provide background information and explain key concepts (e.g., the fear curve). The annimations
are accompanied by an explanatory voice-over and an animated virtual therapist (modelled after the
first author) about the nature and origins of the phobia, how to deal with it, setting goals, exercises,
getting through difficult moments, cognitive behavioral therapy to deal with negative thoughts and
practicing with challenging situations. The modules take between 5 and 40 min to complete. Exposure,
the core of the treatment, is realized through gamified mobile VR and four 360◦ videos covering the
entire acrophobia exposure spectrum. Participants started using the VR and the 360◦ videos from
Module 3 onwards and navigated through the virtual environment using gaze control. Gaze control
is a method for the hands-free selection of objects and the activation of functions within a virtual
environment. By looking at an object or button in the center of the field of view for a specified period
of time, e.g., 2 s, the object or button is selected or activated. In ZeroPhobia, large arrows served as
interactive buttons used for navigating the virtual environment. By gazing at an arrow, a user moved
to the location of the arrow. Similarly, items that needed to be collected, as part of the assignments in
the various levels, could be selected by looking at them. The cardboard viewer could be strapped to the
head. The VR involved a gamified virtual theater. In the game participants had to complete a series of
increasingly challenging tasks (e.g., changing a light bulb on a small ladder, connecting speakers at the
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edge of the stage, going up a high ladder to repair a small damaged platform, fixing a spotlight on the
highest balcony, saving a cat while being on a gangway high above the stage). In each level, participants
had to look at assets located on the theatre floor that needed to be collected, hence encouraging them
to look down and face their fears [27]. For more details on the VR environments used, see [1,27].

Because any VR setup that generates frame rates below 90 frames per seconds is likely to induce
disorientation, nausea and other negative user effects, the frame rate was increased to an optimal
level to minimize the risk of cybersickness. Furthermore, there were no quickly moving objects and
it was not possible for the user to move quickly through the VR environment. Battery drainage was
reduced by keeping the VR levels at an optimum duration meaning that playing a VR level did not
exceed 10 min, although participants were at liberty to practice in VR as long as they felt like they
needed. Battery drainage was further for small degree lessened indirectly by removing the back cover
off the phone, which reduced overheating. The app provides safety instructions to participants before
entering the VR environment. For example, participants were instructed to remove all sharp objects in
their environment prior to commencing with VR-exposure, to avoid possible injuries. Also, they were
instructed to start practicing in VR while seated. Only once anxiety decreased, participants were
encouraged to practice standing up. They were also instructed to take off their VR viewer immediately
if they felt they might fall.

For the current usage analyses, only information from the interactive VR environment was used,
not the 360◦ videos. This is because the majority of participants were unable to view the 360◦ videos
due to technical limitations of their smartphone (they encountered a black screen). They could,
however, view the 360◦ videos on YouTube. The trial was delivered over a 3-week period during
which participants were at liberty to practice with ZeroPhobia as often and as long as they wanted [1].
Weekly standardized motivational e-mails with reminders to start or continue with ZeroPhobia
were sent to participants during the intervention period. For details, see [27] and for ZeroPhobia
screenshots Figure S1. The VR environment was created with the Unity game engine (version 2017.3.0f3;
Unity Technologies, San Francisco, CA, USA).

2.4. Outcomes

All questionnaires were completed online. Measures were taken at baseline (pre-test),
immediately after the intervention (posttest), and 3 months after the intervention (follow-up).
Participant characteristics measures were collected at baseline, while symptom measures were
administered at each time point. All assessments were programmed with Survalyzer software [32].
See [27] for details on outcome measures. The primary outcome was the 20-item Acrophobia
Questionnaire (AQ) [28]. The AQ is a widely-used validated instrument [29]. The anxiety subscale is
measured using a 7-point Likert scale (0 = not anxious to 6 = extremely anxious). Total score ranges is
0–120. The avoidance subscale uses a 3-point Likert scale (“I would not avoid it” to “I would not do
it under any circumstances”). Secondary outcomes included in this study were the Igroup Presence
Questionnaire (IPQ); [33] to assess presence in VR, and usage. Because the IPQ is widely used in VR
research and to be able to compare results on presence with previous studies, we chose the IPQ instead
of other measures targeting presence. Usage data consisted of practice time in VR (for each level [time
between entering and exiting the VR level] and in total [the sum of all practice time in VR per patient in
minutes]), number of sessions (were one session is defined as repeatedly practicing with the same level)
and anxiety ratings directly after practicing a session in the VR environment. As described in [27],
participants were encouraged to progress to a more difficult level as soon as self-reported fear dropped
below 4 on a 10-point scale. For self-reported fear between 4–7, participants were advised to try the
same level again, and for self-reported fear levels 8–10 they were strongly advised to keep practicing
the current level. Participants could not continue to the next level without self-reporting fear under 4.
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2.5. Usage Data Retrieval

Usage data was retrieved from the ZeroPhobia app to a server which then stored the data on
a database, on a secure (SSL) website. All communication between the app and the database was
encrypted by means of a certificate. To prevent others (non-participants) from contaminating the
database with data, adding new data was only possible by sending the correct key from one of the
participants in the study. The data was pseudo-anonymized, meaning that data was anonymized but
linked with the trial identifier consisting of four numbers. Examples of database reads are time spent
in a VR level, time stamps (start and end time of a participant in the VR environment) that enabled us
to exactly determine duration of practice time for each VR level, and experienced anxiety levels after
each VR level played.

2.6. Statistical Analyses

Demographic and clinical characteristics are presented in terms of means and SDs. Usage data
are presented in terms of means, SDs, and minimum and maximum observations for two groups:
(1) all participants and (2) participants who have at least experienced one VR session. The primary
outcome (AQ) was replicated using the same imputation methods and covariates as performed in
Donker et al. [1], with the exception that the model was not estimated with OLS but instead with
Maximum Likelihood Estimation. This estimation method is convenient as it allows parameterization
of the treatment effect such that associations with the usage covariates can be directly estimated.
Two-sided p-value < 0.05 indicated statistical significance. STATA version 14.2 (StataCorp LP., Texas,
TX, USA) were used for the analyses. A data monitoring committee was not required by the Ethics
Committee because of the expected low safety risk of the participants.

3. Results

3.1. Sample, Baseline Characteristics and Cybersickness

Details of the participant flow and drop-out are described elsewhere [1,27]. In short, of 663
individuals who signed up for participation, 291 were ineligible (e.g., due to phone ineligibility) and
therefore excluded from participation. In total, 193 participants filled in the baseline assessment and
were randomly assigned to the VR-CBT app condition (n = 96) or to the wait-list control condition.
The pre-treatment attrition rate was 23% in the app condition because of illness (1 [1%]) or an
incompatible smartphone (21 [22%]) [1]. Of the total sample (N = 96), the mean age was 41 years (SD =
13.73) and 66 (68.75%) of them were female. Most participants completed postsecondary education
(n = 84; 87.5%). The mean AQ baseline score was 85.16 (SD: 18.42). Of the 96 randomized participants,
21 (23%) could not download ZeroPhobia on their smartphone because the smartphones were lacking
a gyroscope (required for experiencing VR) and one (1%) did not start ZeroPhobia because of illness,
leaving the sample with n = 74 participants.

3.2. General VR Usage Data

Of the 74 participants, 66 participants (68.8%) experienced at least one VR session. Usage data for
these 66 participants are shown in Table 1, where the total VR duration time of active users is 24.4 min,
with a minimum of 0.6 min (36 s) and a maximum of 71.05 min. On average, active participants
practiced with around nine VR sessions. As can be seen, the anxiety ratings of participants are
substantially different for practicing with level 1 compared to the highest level they attained (for most
participants, this was level 5). The anxiety rating after playing a more difficult level, was on average
lower than the anxiety rating after playing level one for the first time. When the anxiety ratings after
playing a certain level for the first time were compared with anxiety ratings after playing a certain level
for the last time (e.g., the anxiety rating after having played level 4 for the last time as compared to
playing level 4 for the first time), we noted that anxiety was reduced by around 1.3 points on average
(range: 1–10).
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Table 1. Overall descriptive Statistics of Usage Data for Users who Experienced at least one VR session.

Variable N Mean SD Min Max

Total
Duration (total VR time in minutes) 66 24.384 16.127 0.600 71.050
Anxiety rating after playing level 1 1 66 3.545 2.288 1.000 10.000

Anxiety rating of highest attained level 2 66 3.227 1.830 1.000 9.000
Anxiety rating after playing level first time 3 66 4.576 2.308 1.000 10.000
Anxiety rating after playing level last time 4 66 3.227 1.830 1.000 9.000

Number of VR sessions 66 9.167 5.365 2.000 25.000

Women
Duration (total VR time in minutes) 1 47 23.516 15.744 0.600 58.967
Anxiety rating after playing level 1 2 47 3.894 2.343 1.000 10.000

Anxiety rating of highest attained level 3 47 3.149 1.818 1.000 9.000
Anxiety rating after playing level first time 4 47 4.596 2.242 1.000 10.000
Anxiety rating after playing level last time 5 47 3.149 1.818 1.000 9.000

Number of VR sessions 47 9.085 5.344 2.000 24.000

Men
Duration (total VR time in minutes) 19 26.532 17.289 3.517 71.050
Anxiety rating after playing level 1 2 19 2.684 1.945 1.000 7.000

Anxiety rating of highest attained level 3 19 3.421 1.895 1.000 9.000
Anxiety rating after playing level first time 4 19 4.526 2.525 2.000 10.000
Anxiety rating after playing level last time 5 19 3.421 1.895 1.000 9.000

Number of VR sessions 19 9.368 5.560 3.000 25.000
1 Grubbs test was conducted to test for outliers and confirmed the apparent absence of outliers. Please see Figure S2
for details on the variation in practicing duration. 2 anxiety rating after playing level 1 (the easiest level: changing a
light bulb on a small ladder) for the first time. 3 anxiety rating after playing the highest level (for that person) for the
last time, which is level 5 for most participants (range: 1–10). 4 anxiety rating after playing a level for the first time
5 anxiety rating after playing a level for the last time (range: 1–10).

A paired t-test indicated that this difference was statistically significant (t (280) = 12.28, p < 0.0001)
(see Table 2).

Table 2. Level-specific Statistics of Usage Data for Users who Experienced at least one VR session.

Variable N Mean SD Min Max

LEVEL 1

Time spent in level (minutes) 1 65 2.289 2.109 0.317 11.483
Initial anxiety 2 65 3.554 2.305 1 10
Final anxiety 3 65 2.092 0.861 1 5

Number of sessions in level 4 65 2.046 1.556 1 8

LEVEL2

Time spent in level (minutes) 62 5.322 5.334 0.283 36.350
Initial anxiety 62 4.129 2.229 1 10
Final anxiety 62 2.645 1.527 1 10

Number of sessions in level 62 2.177 1.337 1 6

LEVEL 3

Time spent in level (minutes) 57 7.768 5.222 0.967 23.367
Initial anxiety 57 5.070 2.638 1 10
Final anxiety 57 2.877 1.489 1 9

Number of sessions in level 57 2.281 1.278 1 7

LEVEL 4

Time spent in level (minutes) 50 6.742 5.639 1.100 29.517
Initial anxiety 50 4.700 2.517 1 10
Final anxiety 50 2.940 1.096 1 7

Number of sessions in level 50 2.260 1.724 1 11
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Table 2. Cont.

Variable N Mean SD Min Max

LEVEL 5

Time spent in level (minutes) 47 7.463 4.678 1.5 19.883
Initial anxiety 47 4.213 2.010 1 9
Final anxiety 47 2.872 1.035 1 7

Number of sessions in level 47 2.000 1.351 1 8

TOTAL

Time spent in level (minutes) 281 5.727 5.114 0.283 36.350
Initial anxiety 281 4.302 2.397 1 10
Final anxiety 281 2.655 1.270 1 10

Number of sessions in level 281 2.153 1.450 1 11
1 Total time spent in this level, in minutes. 2 Self-reported anxiety after playing this level for the first time (range:
1–10).3 Self-reported anxiety after playing this level for the last time (range: 1–10).4 Number of sessions spent in
this level.

3.3. Level-Specific Usage Data

As can be seen in the level-specific usage results in Table 2, the self-reported anxiety of users
was, on average, relatively low (M = 4.302, SD = 2.397) when finishing levels for the first time (initial
anxiety). The final anxiety numbers show that on average, users exited a level with a self-reported
anxiety level of 2.665 (SD = 1.270). This shows that most users complied well with the advice to ’level
up’ after self-reported anxiety had dropped below 3, however some users chose to replay a level up to
11 times (level 4).

3.4. Replication of Main Results

An intent-to-treat analysis showed a significant reduction of acrophobia symptoms at post-test at
3 months for ZeroPhobia compared with the controls (b = −26.73 [95%CI, −32.12 to −21.34]; p < 0.001;
d = 1.14 [95%CI, 0.84 to 1.44]). Using the ML-estimation procedure, similar results for ZeroPhobia
effectiveness were found compared to original study (b(SE) = −26.7 (2.73), noting a slight difference in
standard error due to using a ML-estimation rather than an ordinary least squares approach as in [1].

3.5. Hypothesis 1: More VR Activity Is Associated With Lower Post-Test AQ Scores

To test the hypothesis that more VR activity is associated with a greater reduction in AQ scores at
post-test, we modelled the post-test scores of the AQ with the pre-test scores on the AQ, the number of
sessions played and a linear and quadratic parameter of practice time in minutes. The results show that
practice time and the number of sessions result in lower post-test AQ scores, although number of sessions
is not statistically significant. Post-test AQ scores depends quadratically on time spent practicing
(Practice Time: b(SE) = −1.07(0.391); p < 0.05; PT2: b(SE) = 0.018(0.005); p < 0.05). The association with
number of sessions was not statistically significant. To test for robustness, this analysis was performed
with and without baseline covariates in the model, but results did not change significantly. With respect
to the estimated association between the number of sessions and Post-test AQ scores, we note that the
inclusion of background characteristics does not change the estimated coefficient, but it does make the
association insignificant. The insignificant result may be the result of lack of statistical power.

In Figure 1 the association between decrease in AQ scores and practice time and number of
sessions is represented graphically, where darker areas denote a greater reduction in AQ scores at
post-test. These results suggest the existence of a ’sweet spot’, an optimum level of exposure at which
increasing practice time does not result in an increased benefit and that it does not significantly depend
on the number of sessions. The optimum level of practice time in the VR environment was found to be
25.5 min.
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Figure 1. Practice Time (x-axis) vs. Number of Sessions (z-axis). Figure 1 visualizes the estimated
function AQ_Total_Post = −1.02x + 0.02x2 − 1.17z − 12.85 and plots a contour plot for x = 1 to 100
and z = 1 to 25. It thus represents a contour plot in which the outcome differences for the observed
combinations of practice time (x-axis) and number of sessions (z-axis). The darker the color, the larger
the outcome difference.

3.6. Hypothesis 2: A Higher Level of Presence Is Associated with Greater Decrease in Post-Session Anxiety

To test this hypothesis, we tested the association between the IPQ scores post-test and the treatment
effect while controlling for baseline covariates. We also controlled for practice time, and pre-test AQ
scores, as this would be associated with treatment effect. Because not all participants filled in the IPQ
at post-test (12/66 missing, 21.2%), this variable was also modeled.

The results showed that those who filled out the IPQ, a higher level of presence was associated with
a larger reduction of AQ scores post-test b(SE) = −0.914 (0.225), p < 0.001, confirming our hypothesis.
The addition of the IPQ variable to the model did not change the parameter for the AQ pre-test scores,
indicating that presence is not associated with pre-test AQ scores. The practice time coefficient did
change after the introduction of presence into the model, indicating that presence and practice time
covary, which is evidenced by the high correlation between presence and linear and quadratic play
time (r = 0.599 and r = 0.481 respectively).

3.7. Hypothesis 3: Associations between Scores

We hypothesized that the AQ pre-test scores were significantly associated with VR anxiety ratings
after the first session. Moreover, we hypothesized that the AQ pre-test scores would be significantly
associated with a reduction in acrophobia symptoms, but not with VR exercise time. The results
showed that the pre-test AQ scores were significantly associated with the subjective fear rating after
the first session (r = 0.134, p <0.05) and a reduction in AQ scores at post-test (r = −0.312, p < 0.05).
However, contrary to our hypothesis, AQ pre-test scores were not associated with either linear practice
time (r = 0.006, p >0.05) or quadratic practice time (r = −0.003, p > 0.05).

3.8. Hypothesis 4: Repeated Activity in a VR Level Leads to a Consistent Decrease in Post-Level Anxiety

We hypothesized that, consistent with general expectations about exposure therapy, self-reported
fear would show consistently lower scores after a session when compared to before a level, since repeated
exposure should result in lower fear levels after a session. As can be seen in Table 3, this is the case
for each level, with an average drop of 1.35 points (SD 2.24) per level. As seen in the minimum
and maximum scores, some participants exit levels with higher fear ratings than they started with,
indicating unsuccessful exposure exercises.
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Table 3. Mean decrease in self-reported fear after completing each session.

Variable N Mean SD Min Max

Level 1 4 −3.500 3.873 −9 0
Level 1–2 6 −0.833 2.562 −6 1
Level 1–3 6 −0.167 2.562 −4 4
Level 1–4 11 −1.545 2.911 −6 4
Level 1–5 39 −1.333 1.644 −6 0

TOTAL 66 −1.345 2.243 −9 4

4. Discussion

To our knowledge, this is the first study to look at self-guided VR exposure on a session-to-session
basis. As self-guided exposure relies strongly on the participant to guide the progress through
increasingly more challenging sessions, the inter-session data provides relevant information to
guide future development of similar interventions. Moreover, successful exposure therapy relies on
adequately modulating how challenging the different sessions are. This makes it important to verify
that successful exposure took place within a session—as witnessed by a decreased anxiety level after
a session as compared to before a session—in the absence of a therapist to guide this. Consistent
with expectations from exposure therapy, the results indicate that overall, participants reported a
decrease in fear as they progressed through the levels. It should be noted, however, that for some
participants the exit scores remained relatively high, indicating unsuccessful exposure. The results
further demonstrated that post-test AQ scores depended quadratically on time spent practicing, but not
with the number of sessions practiced, indicating that it might be more important to play one level for
a longer period of time instead of practicing many VR levels. Moreover, it was shown that, in line with
previous research, a higher presence was associated with better outcomes [23].

Most participants advanced through all five of the VR exposure levels, indicating that—even
in the absence of a therapist—self-guided VR therapy in the home setting is feasible and can be
effective, even with rudimentary equipment such as a cardboard VR viewer and the participants’
own smartphones. Importantly, the relatively high number of participants who completed all levels
shows that the app was engaging and convincing enough to persuade participants to keep practicing.
This motivational aspect is reflected by the number of sessions participants practiced, where on average
participants tried each level at least twice, and in some cases up to 11 times. One explanation is that
the threshold set for going to a subsequent level through levels (a self-reported fear of less than 4)
added an element of challenge to the exposure, motivating participants to keep trying a level to unlock
the next [34]. However, evidence for the success of gamification in smartphone apps is currently
lacking [35].

Although existing VR interventions have been envisaged as solutions to be used in guided form
under the supervision of a therapist (see e.g., [24]), ZeroPhobia was designed as a fully self-guided
intervention with no therapist oversight. Therefore, it was crucial to monitor participant progression
to verify whether successful in-virtuo exposure was taking place. When practicing with exposure
exercises, it is important to correctly pace the increase in difficulty and challenge. Progressing too
quickly through levels could result in excessive anxiety, leading to dropout, while practicing at an easy
level for too long is inefficient and may lead the participant to disengage because it is not challenging
enough. In ZeroPhobia it seems that these decisions were in line with the recommendations on pacing
progress through the levels as shown in the app. In Table 2 it is shown that the average final anxiety
scores in the levels were all below 4, since participants could not progress unless their self-reported
fear had dropped under 4. This is visible in the self-reported fear levels after practicing a level for the
first time. These averages also show that participants tended to ’level up’, and not unhelpfully linger
in levels. As most participants progressed to the highest level of the VR exposure game (level 5), it was
not possible to find a reliable cut-off value for number of levels that should be completed, or to find a
level that should minimally be attained for deriving clinical benefit; but the corollary is that participants

137



J. Clin. Med. 2020, 9, 1614

chose to persist with the exposure exercises until the end, indicating successful and perhaps even
enjoyable exposure experiences. However, we did find that increased activity was related to lower
AQ scores at post-test. Results also demonstrated an association between decrease in AQ scores and
practice time and number of sessions, suggesting the existence of a ’sweet spot’, an optimum level
of exposure at which increasing practice time does not result in increased benefit. In this study we
found that participants derive most benefit when the practice time in the VR environment is 25.5 min
irrespective of the amount of VR sessions. However, these results need to be interpreted with caution
because it is unknown how many participants practiced for how long with the 360 videos.

The results showed that the pre-test AQ scores were significantly associated with the subjective
fear rating after the first session and a reduction in AQ scores at post-test. This would suggest that
those with higher acrophobia symptoms could derive more benefit from the VR exposure. This is also
in line with previous research findings [11]. It could however also be a floor effect, where participants
with already relatively low acrophobia symptoms have relatively little to gain from the intervention.
Regardless, the results show that the VR environment offers a safe and engaging way to self-guided
exposure, even for those with more severe complaints.

Limitations

The current study had several limitations. Firstly, all the hypotheses in this study were exploratory
in nature, leading to the possibility of false positive findings. Secondly, more granular data in terms
of logins and time spent in app modules would have been helpful for a more detailed view of user
activity within the VR sessions. Thirdly, we did not have access to usage data of the 360 videos from
YouTube. This means that several participants have practiced with 360◦ video exposure which could
also contribute to a decrease in anxiety ratings at post-test. The optimum level of exposure time is a
conservative estimate therefore. Fourthly, we did not systematically conduct data on the performance
of the cardboard VR viewer during the sessions, therefore we are unable to evaluate the interaction
of the performance of the VR viewer on its usage and effectiveness. However, only one participant
contacted the research team to request a new viewer because the one originally provided to them
had broken. Fifthly, due to a small sample size, some insignificant result may be the result of lack of
statistical power. The great inter-subject variability in usage is remarkable. It might be that, depending
on the personal history, VR stimulation will work at one moment of exposure, without a tool to identify
the triggering event, conditioning success of fear reduction. Sixthly, data quality can be a problem in
an uncontrolled environment, when only relying on self-report measures and no biological measures.
However, research has demonstrated that self-report measures can have good to excellent validity
when compared to a diagnostic interview [36]. Furthermore, participants can be more honest with
filling in the questionnaires, as the computer has no ’eyebrows’ [37]. Moreover, in a meta-analysis
targeting VR interventions, Morina et al. [9] concluded that the behavioural measurement effect sizes
were similar to those calculated from self-report measures in the VR studies, indicating no differences
between the two types of measurements. Furthermore, we have conducted robustness analysis which
confirmed that the VR-CBT ZeroPhobia app had a strong impact on the anxiety for heights, even when
analyzed very conservatively in a randomized controlled design, and that the general anxiety effect
did not drive the results. Lastly, as yet we have no data on external validity, especially on whether the
effects of the VR exposure translate to decreased acrophobia and acrophobic avoidance in real-world
settings, and commensurate increases in quality of life.

Future research is needed to replicate the main results of the study, especially with regard to
external validity and translational effects in real life. Furthermore, more granular data on, e.g., eye gaze
could generate valuable information on which cues participants choose to engage with, as even in VR
participants can choose to look away from the fear-inducing stimulus. It would also be interesting to
investigate whether adding sound to the VR experience effects the feeling of presence.
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5. Conclusions

In sum, our findings show that self-guided VR for acrophobia symptoms is feasible, effective,
and follows the same general patterns in terms of self-reported fear reductions as one would expect
from therapist-guided exposure exercise. The results indicate that participants were engaged with
ZeroPhobia as can be seen by the majority of them advancing through all VR exposure levels. Overall,
fear levels decreased when participants progressed through the levels. Furthermore, our results suggest
that it might be more beneficial to play one level for a longer period of time instead of practicing many
VR levels and the existence of a ’sweet spot’, an optimum level of exposure at which increasing practice
time does not result in increased benefit. In this study we found that participants derive most benefit
when the practice time in the VR environment is 25.5 min irrespective of the amount of VR sessions.
Finally, the importance of feeling present in the VR environment is stressed out as a higher reported
presence was associated with better outcomes. Further research is needed to see if the gains from VR
translate into long-term sustained results, both in virtual and in real-life situations.
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